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Summary
Respiratory motion induces uncertainty in External Beam Radiotherapy (EBRT), which
can result in sub-optimal dose delivery to the target tissue and unwanted dose to normal
tissue. The conventional approach to managing patient respiratory motion for EBRT
within the area of abdominal-thoracic cancer is through the use of internal radiological
imaging methods (e.g. Megavoltage imaging or Cone-Beam Computed Tomography) or
via surrogate estimates of tumour position using external markers placed on the patient
chest. This latter method uses tracking with video-based techniques, and relies on an
assumed correlation or mathematical model, between the external surrogate signal and
the internal target position. The marker’s trajectory can be used in both respiratory
gating techniques and real-time tracking methods.
Internal radiological imaging methods bring with them limited temporal resolution,
and additional radiation burden, which can be addressed by external marker-based
methods that carry no such issues. Moreover, by including multiple external markers
and placing them closer to the internal target organs, the efficiency of correlation algo-
rithms can be increased. However, the quality of such external monitoring methods is
underpinned by the performance of the associated correlation model. Therefore, sev-
eral new approaches to correlation modelling have been developed as part of this thesis
and compared using publicly-available datasets. Highly competitive results have been
obtained when compared against state-of-the-art methods.
Marker-based methods also have the disadvantages of requiring manual set-up time for
marker placement and patient positioning and potential issues with reproducibility of
marker placement. This motivates the investigation of non-contact marker-free methods
for use in EBRT, which is the main topic of this thesis.
The Microsoft Kinect is used as an example of a low-cost consumer grade 3D depth
camera for capturing and analysing external respiratory motion. This thesis makes
the first presentation of detailed studies of external respiratory motion captured using
such low-cost technology and demonstrates its potential in a healthcare environment.
Firstly, the fundamental performance of a range of Microsoft Kinect sensors is assessed
for use in radiotherapy (and potentially other healthcare applications), in terms of
static and dynamic performance using both phantoms and volunteers. Then external
respiratory motion is captured using the above technology from a group of 32 healthy
volunteers and Principal Component Analysis (PCA) is applied to a region of interest
encompassing the complete anterior surface to demonstrate breathing style. This work
demonstrates that this surface motion can be compactly described by the first two PCA
eigenvectors.
The reproducibility of subject-specific EBRT set-up using conventional laser-based
alignment and marker-based Deep Inspiration Breath Hold (DIBH) methods are also
studied using the Microsoft Kinect sensor. A cohort of five healthy female volunteers is
repeatedly set-up for left-sided breast cancer EBRT and multiple DIBH episodes cap-
tured over five separate sessions representing multiple fractionated radiotherapy treat-
ment sessions, but without dose delivery. This provided an independent assessment
that subjects were set-up and generally achieved variations within currently accepted
margins of clinical practice. Moreover, this work demonstrated the potential role of
consumer-grade 3D depth camera technology as a possible replacement for marker
based set-up and DIBH management procedures. This brings with it the additional
benefits of low cost, and potential through-put benefits, as patient set-up could ulti-
mately be fully automated with this technology, and DIBH could be independently
monitored without requiring preparatory manual intervention.
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Glossary
3DCRT 3D Conformal Radiotherapy.
4DRT Four-Dimensional Radiation Therapy.
ABC Active Breathing Coordinator.
AP Anterior/Posterior.
BH Breath Hold.
BPM Breaths Per Minute.
CBCT Cone-Beam Computed Tomography.
CCTV Closed-Circuit Television.
CIRS Computerized Imaging Reference Systems.
CT Computed Tomography.
CTV Clinical Target Volume.
DIBH Deep Inspiration Breath Hold.
DOF Degrees Of Freedom.
EBRT External Beam Radiation Therapy.
FPS Frames Per Second.
GTV Gross Tumour Volume.
ICP Iterative Closest Point.
IGRT Image Guided Radiotherapy.
IMRT Intensity-Modulated Radiation Therapy.
IR Infrared.
vii
viii Glossary
kV kilovoltage.
LAD Left Anterior Descending.
LINAC Linear Accelerators.
LR Left/Right.
MLC Multi-Leaf Collimator.
MRI Magnetic Resonance Imaging.
OSMS Optical Surface Monitoring System.
PCA Principal Component Analysis.
PDF Probability Density Function.
PET Positron Emission Tomography.
PTV Planning Target Volume.
RANSAC Random Sample Consensus.
RI Range Imaging.
ROI Region Of Interest.
RPM Real-time Position Management.
RT Radiotherapy.
SI Superior/Inferior.
SRS Stereotactic Radiosurgery.
TOF Time-Of-Flight.
TVSAR Time-Varying Seasonal Autoregressive.
VMAT Volumetric Modulated Arc Therapy.
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Chapter 1
Introduction
Radiotherapy (RT) is extensively used to control cancer cell growth by employing ion-
ising radiation. The Royal College of Radiologists in the UK has published data that
demonstrates radiotherapy treatment attribute to the second highest cure rate of 40%,
after surgery with 49% cure rate among all types of cancer patients cured [183]. This
therapeutic modality is the most prescribed cancer treatment in Europe where 50% to
60% of cancer patients receive it as part of their treatment [121]. In External Beam
Radiation Therapy (EBRT), the most common type of radiotherapy, an external source
of ionising radiation is directed at the tumour. In such treatment, the cancer cells are
destroyed using ionising radiation directed at the tumour in a series of treatment ses-
sions. The cancer cells are then destroyed to prevent cancer recurrence. As treatment
is delivered over a series of fractions, or treatment sessions, one of the key objectives
to improve the effect of such therapy is patient repositioning and alignment to ensure
optimal prescribed therapeutic dose delivery to the target site, as well as to minimise
dose to surrounding healthy tissue and critical organs [114]. EBRT has been improved
significantly through developments in imaging modalities such as Positron Emission To-
mography (PET) and PET/ Computed Tomography (CT). These improvements have
been combined with developments in computer and software technology to track better
the tumour and plan effective therapy.
Patient motion has been known as one of the primary sources of uncertainty in both di-
agnostic imaging and radiation therapy. The management of breathing motion attracts
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numerous investigations in both medical imaging and radiotherapy treatment which can
be divided into several methods. These include motion encompassing methods (slow
CT scanning), respiratory gated, breath-hold/control and real-time respiratory motion
tracking techniques. However, accurate and reproducible motion tracking is needed to
achieve all the above techniques.
The last decade has seen novel developments in both RT treatment planning and de-
livery. The 3D Conformal Radiotherapy (3DCRT), Intensity-Modulated Radiation
Therapy (IMRT) and Image-Guided Radiotherapy (IGRT) are some of the primary
treatment methods used in EBRT.
Radiation treatment planning is a crucial step in EBRT, to plan the type and amount
of energy, dosimetric aspects, and the location of the tumour for the therapy. The three
most significant volumes in radiation planning defined by the International Commission
on Radiation Units Report 50 [195] published in 1993 are Gross Tumour Volume (GTV),
Clinical Target Volume (CTV) and Planning Target Volume (PTV), see Figure 1.1. The
observable extent and location of the tumour are encompassed by the GTV whereas the
CTV comprises of the GTV and a microscopic margin for assumed tumour extension
that cannot be resolved by current imaging methods. The PTV surrounds the GTV
and provides a safety margin to compensate for target motion and set-up uncertainties
[176]. This thesis considers several approaches that might be used to reduce the PTV,
by facilitating smaller margins due to reduced alignment uncertainties, thus reducing
the unwanted dose to normal tissues and organs at risk.
In order to deliver a higher radiation dose to an irregular target, more detailed target
tracking is required. This is challenging as both localization and correction of any
geometric uncertainties are needed during delivery. These uncertainties could be due
to delineation error, set-up error and intra/inter fraction motion variations. Where
the organs at risk are adjacent to the target regions the use of IGRT is beneficial for
patients [110] in order to deliver the high radiation doses to more irregular shapes.
However, the popularity of this treatment method has highlighted a demand for ac-
curate tracking of the internal target/organ motion induced by respiration. This ad-
vanced therapy employs imaging modalities such as Cone-Beam Computed Tomography
3Figure 1.1: GTV, CTV and PTV, taken from ICRU Report 50 for the planning of
radiotherapy.
(CBCT)/kilovoltage (kV) imaging directly to obtain the target location during/prior
to treatment to guide radiation delivery [194], or the target position can be inferred
utilising external surrogate measurements using an assumed correlation between the
external surrogate signal and the internal target position. This may also consider and
correct any intra and/or inter-fraction variations.
One of the latest improvements in EBRT is Four-Dimensional Radiation Therapy
(4DRT) particularly for tumours which move due to respiration [106]. 4DRT attempts
to follow and compensate for the tumour motion during treatment which potentially
leads to the delivery of an optimal therapeutic dose to the target whilst sparing un-
wanted dose to surrounding normal tissues [106]. There is a large literature on tumour
motion tracking in 4DRT using different techniques in order to adapt the radiation
beam to track the target simultaneously such as using a dynamic MLC [87] [158] [120]
[177], mobile couch [52], and moving gantry methods [50]. The primary goal of 4DRT
treatment is to take into account target motion during treatment; this can be achieved
by making the tumour motionless using breath hold, or gating methods or moving the
treatment beam or couch in order to keep the tumour in a stationary frame of reference
[120].
Tumour immobilisation using breath hold can be achieved either via voluntary breath
hold [25] or employing extra supporting systems such as an Active Breathing Coor-
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dinator (ABC) 1 [201]. One of the key interests of breath hold radiotherapy is that
it avoids large capital costs as the approach can be adopted into clinical use through
mainly changes in a protocol using existing systems with relatively minor levels of in-
vestment [120]. However, this approach requires patient cooperation and a capability
for breath hold, which some patients cannot comply with. Studies have shown that to
have reproducible breath hold, it is advantageous to use a respiratory monitoring sys-
tems [38], which can be integrated into the treatment delivery systems. Therefore, the
beam is turned off when the implied target is mispositioned, either due to insufficient,
or excessive inhalation. One of the common forms of breath hold is Deep Inspiration
Breath Hold (DIBH) [69] in which the treatment is delivered when the patient is in full
inspiration. Studies for left-sided breast cancer [25] have shown DIBH methods reduce
unwanted dose delivered to the heart by a half since inhalation of a large amount of air
expands the distance between the tumour and the organs at risk.
In gated radiotherapy [135], the subject does not need to conform to a particular
breathing pattern or inhalation point; instead s/he normally breathes during which
the EBRT system will only deliver dose when the patient is at a particular respiratory
point, such as the end point of exhalation. The gating window in this treatment is
usually placed at exhale as this region of the respiration is more reproducible than
other points in the respiratory cycle. However, in this phase of respiratory motion, the
tumour and key at-risk structures, such as the heart, may be in closer proximity to the
PTV compared to DIBH techniques [94].
An alternative strategy involves tracking the tumour motion over the entire respiration
sequence. This can be broadly categorised into two forms: MLC tracking, whereby,
during the entire cycle of respiration the MLC is moved to adapt to both the shape
and position of the moving target region [89] or robotic compensation methods used
wherein [164] the couch or LINAC is moved according to the tumour’s internal motion
over the entire breathing cycle in order to maintain motionless tumour position relative
to the beam sight [52]. However, major issues of these methods are system latency and
patient comfort [80].
Patient alignment and monitoring during treatment delivery are the two main proce-
1ABC; Elekta Ltd, Crawley, UK.
5dures required across all of these methods to ensure optimal dose delivery in EBRT.
Within the area of abdominal-thoracic cancer, the conventional approach to undertak-
ing patient set-up for EBRT is through the use of lasers with skin reference landmarks.
The internal tumour motion during respiration can be monitored directly using radio-
logical methods such as Megavoltage imaging or CBCT [67]. Alternatively tumour po-
sition, which may be indirectly inferred using external surrogate measurements, based
on an assumption that there is a correlation between the external surrogate signal and
the internal target position particularly for tumours in the thoracic/abdominal regions
[72]. Thus, after monitoring the tumour spatial and temporal motion, the radiation
beam can be readjusted concurrently across the entire induced respiratory motion.
Several such external surrogate techniques have been proposed to infer the internal tar-
get position using correlation models or via monitoring of DIBH levels [88], including
using pressure belts 2, video monitoring 3 and spirometry 4, as in these regions respi-
ratory motion is one of the primary sources of anatomical movement. This leads to
various research interests in 4DRT area including precise patient repositioning, having
a richer understanding of patient pose, monitoring, characterising and estimation of
respiratory motion.
1.0.1 Motivation and Objectives
A major technological innovation in the last few years has been the launch of low-
cost (<$200) depth camera technology, principally for non-medical applications such as
gaming. The depth sensor provides 2D images where each pixel presents the distance of
an object from the sensor, operating with various techniques such as structured light or
time of flight. The key motivation of using a surface-based external chest measurement
as a surrogate of the internal tumour motion are high sampling rate, non-invasive and
non-contact, and potentially facilitating throughput advantages, and that no additional
radiation burden is involved.
2Anzai Medical Corp., Tokyo, Japan.
3Varian Medical Systems, Palo Alto, California, USA.
4PMM Spirometer; Siemens Medical Systems, Erlangen, Germany.
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The use of this technology is proposed to examine the reproducibility of patient po-
sitioning and DIBH methods. Before doing so, the fundamental performance of the
Microsoft Kinect was considered to discover its suitability for use in medical applica-
tions such as EBRT. Finally, a group of volunteer subjects were recruited and a set of
treatment set-up and DIBH sessions were undertaken to investigate the intra- and inter-
session variations in subject positioning and DIBH reproducibility using the Microsoft
Kinect sensor whilst following a conventional treatment protocol.
Therefore, the fundamental objective of this thesis is to investigate the use of consumer
grade depth sensors as a respiratory motion tracking in EBRT, such as in the marker-
less monitoring and set-up of subjects, which cannot be fulfilled by a single system
currently. The following research questions are considered to achieve this aim:
1. Is it possible to use 3D depth sensor for EBRT in order to set-up subjects and monitor
respiratory motion? To what extent do data captured by Microsoft Kinect sensors,
accurately measure known translation and rotation of test object/Rando phantom in
a lab and clinical settings?
2. Can depth camera technology provide a suitable surface-based respiratory motion
monitoring tool for motion modelling and categorising the dominant style of breathing?
3. To what extent do the temporospatial measurements acquired by the Microsoft
Kinect sensor correlate with standard technology in current use (e.g. The RPM sys-
tem)?
4. Is it feasible to improve the set-up uncertainty using depth sensor for patients with
left-sided breast cancer. To what extent are the surface obtained by the Microsoft
Kinect sensor and tattoo markers in alignment?
5. To what extent do the temporospatial measurements acquired by the RPM and the
Microsoft Kinect sensor agree for monitoring DIBH?
6. Is it possible to predict the external respiratory motion ahead in order to address
existing latency issues of EBRT?
71.0.2 Thesis Structure
The remaining chapters of this thesis are divided into the seven following categories
including:
Chapter 2 opens with a definition and description of cancer and an overview of the main
methods for diagnosing and treating this disease to stop and control their cell growth.
This chapter continues with a general overview of the current therapeutic methods
mainly focusing on EBRT, which is the main motivation of this thesis. The chapter
goes on by describing advances in radiotherapy and development of imaging modalities
in order to deliver an optimal dose of radiation to the target volume. Moreover, this
chapter continues describing the key procedure and protocols needed to ensure optimal
dose delivery in fractional EBRT including patient positioning and respiratory motion
monitoring techniques. This then follows by describing the current patient alignment
procedures and monitoring systems and how they relate to the approach proposed in
this thesis. This motivates the use of marker-less methods using the chest surface as a
surrogate measure of tumour position.
Chapter 3 begins with a review of current consumer depth sensors and their specifi-
cations. The chapter then presents several experiments which assess the fundamental
performance of a selection of sensors for potential use in medical imaging applications
in particular focussed on EBRT.
Having demonstrated the technical performance of a consumer grade depth camera,
Chapter 4 focuses on respiratory motion modelling and classifying the style of breathing
using a depth camera for marker-less data capture. In doing so, this chapter examines
the use of different analysese performed on a group of 32 volunteers captured using a
markerless 3D depth camera. The principal purpose of this study was to investigate
dominant variations in the surface-based respiration signal. To do so, the anterior
surface encompassing thoracic and abdominal regions are subjected to Principal Com-
ponent Analysis (PCA).
Having demonstrated the ability of depth camera technology to capture respiratory
motion patterns, which may have particular application in 4DRT, Chapter 5 focusses
on the potential use of this technology in two current aspects of EBRT; patient set-up
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and DIBH. A group of five volunteer subjects was used to simulate a set of treatment
sessions in clinical settings (illustrated in Chapter 5). The primary motivation of this
study was to measure variations in set-up, and DIBH whilst a conventional treatment
protocol was used during simulated radiotherapy sessions.
Correlation models estimate the current position of the target region based on an ex-
ternal surrogate measure. The Multiple Linear Regression (MLR) and GMM were
evaluated in this study as a correlation model to infer internal target position. There-
fore, the performance of each model is then compared using publicly available datasets
and various training strategies. However, besides tracking this motion, there is still
latency in the system. Subsequently, prediction algorithms have been used to esti-
mate the future respiratory motion externally. The implementation of a prediction
model, Time-Varying Seasonal Autoregressive (TVSAR), is explained in Chapter 7. In
this framework, the performance of TVSAR model is compared with Extended Time-
Varying Seasonal Autoregressive (ETVSAR). Highly competitive results have been ob-
tained when compared to state-of-the-art method.
This thesis closes with Chapter 7, wherein conclusions and a summary of the work are
presented. The main outcomes are discussed against the initial objectives and research
questions. A discussion of potential future developments is also presented.
1.0.3 Thesis Contribution
In this thesis, four significant contributions have been developed which can be sum-
marised as follows:
1. Demonstration of a simple framework for the assessment of different depth sensor
technologies for patient monitoring during EBRT. This has been subsequently
replicated in some other publications by other authors [51, 71, 163].
2. The first demonstration of external respiratory motion capture analysis in vol-
unteers using a low-cost 3D depth camera technology, facilitating novel analysis
of the respiratory motion to reveal the space in which the dominant/principal
motion takes place.
93. The first demonstration of set-up positioning and DIBH reproducibility using
marker-less low-cost depth camera technology.
4. Demonstration of a framework of external respiratory motion correlation and pre-
diction based on previous surrogate external motion. Two algorithms, TVSAR
and ETVSAR are compared for real-time external motion prediction from previ-
ous samples of external surface position to compensate for latencies.
A significant part of contributions described in the thesis have been published in several
conference papers and submitted to two peer-reviewed journals, see Appendix 1.
10 Chapter 1. Introduction
Chapter 2
Background
The aim of this chapter is to provide the technical background for the five succeeding
chapters. The fundamental biology of human cancer and common therapeutic methods
such as radiotherapy are reviewed. Moreover, patient-specific issues pertinent to treat-
ment effectiveness are explained and methods to address them; such as respiratory or
other motion.
2.1 Cancer
The human body consists of billions of cells which regularly multiply. In a normal
healthy individual new cells only grow when/where they are necessary. However, in
the disease process known as cancer uncontrolled cell proliferation occurs. Each cell
is made up of DNA, mutation to the DNA in a cancer cell occurs. A tumour consists
of a group of abnormal cells. There are two types of tumour, benign (not cancerous)
and malignant tumour. Benign tumours cannot spread to other organs of the body.
However, any malignant growth or tumour can be defined as cancer. Cancer may,
therefore, be summarised as uncontrolled cell division. The possible cause is manifold
such as inherited mutations to DNA, damaging of normal control of cell division and
direct damage to the DNA. A cancer cell can grow into any tissues or move into different
organs of the body through the blood or lymph and create metastasis. There are various
types of cancer which are defined when the tumour is developed in different organs of
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the body. In order to diagnose cancer, a number of tests can be used such as laboratory
test, imaging, biopsies and genetic test. The most commonly used test for identification
and location of tumour cells is medical imaging.
The main treatments for cancer are surgery, chemotherapy, radiotherapy, hormone
therapy, and biological treatments. Depending on the type, size and stage of cancer,
patients may be treated with a combination of these treatments.
In radiotherapy (RT) cancer cells are destroyed using a precise high-ionising radiation
dose to the tumour in a series of treatment sessions. One of the most popular forms of
RT is External Beam Radiotherapy (EBRT), where an external source of radiation is
delivered to the tumour and the cancer cells are destroyed.
2.2 Principles of EBRT
During EBRT, an external beam of radiation is emitted towards a region which encap-
sulates the tumour to destroy cancer cells whilst the patient normally lies supine on a
treatment couch. Radiation treatment is given for some weeks in this manner to kill the
cancer cells, also allowing minimal damage to healthy tissue taking into consideration
the relevant recovery periods for healthy tissue and diseased tissue respectively.
The main basis of radiotherapy is the radiation of optimal dose to the target region
without exceeding healthy tissue tolerance. There are several reasons as to why radio-
therapy is delivered in fractions, specifically the 5Rs of radiobiology: repair, reoxygena-
tion, repopulation, redistribution and radiosensitivity [90] as discussed below:
Repair is the main rationale for fractionation of radiotherapy. Radiation doses higher
than 5 Gy are required in order to damage a tumour’s DNA, however, this is toxic to
the normal tissue cells. Due to the fact that the normal tissue cells tend to repair faster
than tumour cells, fractionation of radiotherapy can be utilised, providing more time
in order for the normal tissue cells to be repaired.
In order to kill hypoxic cells (cells deprived of oxygen), a dose three times higher than
oxygenated cells is required. Therefore the well-oxygenated cells are killed instantly
after radiation of the tumour and the outer layers are destroyed. This provides the
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opportunity for the hypoxic cells to obtain oxygen, and as a result, they become less
resistant to radiation. This process is described as reoxygenation. However, this dose
is much higher than the normal tissue tolerance specified as safe for a single course of
radiotherapy, as a result, normal cells are killed. By delivering radiotherapy in fractions,
enough time can be provided for reoxygenation to occur, converting the hypoxic cells
into oxygenated cells. The advantage of this method is that a lower dose can be applied
to kill these cells consequently minimising the exposure of the normal tissue cells to
high radiation.
After radiation is delivered to the tumour cell, this may increase the vascularity of the
tumour. If this occurs, the cancer cells will repopulate much more rapidly than normal
tissue cells, and more doses will be required. Inevitably, this will deliver additional
radiation to the normal tissue cells. In order to prevent this, the radiotherapy can
be delivered in many fractions, by accelerating treatment with hyper-fractionation.
However, it is possible that repopulation may be cancelled out due to reoxygenation.
Cells have different phase cycles, for example, late synthesis (S), gap 2 (G2) and mitotic
(M). In the S phase, cells are relatively radioresistant, however, in the G2/M phases,
they are relatively radiosensitive. As a result, cells in the S phase will survive the
radiation dose whilst, cells in the G2/M phases will be killed. Cells may be in any
phase when the radiotherapy is delivered. For maximal effectiveness, radiotherapy can
be delivered in fractions allows redistribution, between which cells may evolve from
the S phase to the G2/M phases.
Radiosensitivity has recently been added to the 4Rs of radiobiology. Radiosensitivity
is the intrinsic sensitivity of the tissue cells to radiation ie. the cell is radiosensitive
or radioresistant. Different types of cell have different radiosensitivities. Specifically
haematological, epithelial stem and gamete cells are radiosensitive whereas, neuronal,
tumour (melanoma or sarcoma) and myocyte cells are more radioresistant.
A machine, a linear accelerator (Linac), is used to produce the radiation beam during
EBRT as shown in Figure 2.1. Treatment planning is applied to increase the effec-
tiveness of therapy by controlling the shape, the size and the method of directing the
radiation beam to reduce irradiation of surrounding healthy tissue [133].
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Figure 2.1: An example image of a Linear accelerator (Linac). This machine is used
to produce high energy X-ray radiation for external beam radiotherapy treatment (the
picture is taken from [108]).
2.2.1 EBRT Types
During three-dimensional conformal radiation therapy (3DCRT), an immobilisation de-
vice is employed in order to provide a reproducible patient position. The 3D anatomical
information is also obtained using CT imaging in order to contour both the target and
normal tissues. Then, the radiation target volumes including Gross Target Volume
(CTV), Clinical Target Volume (CTV) and Planning Target Volume (CTV), are de-
fined. Systematic errors including daily setup error and internal organ motion result in
the inclusion of large safety margins, adding 1 to 1.5 cm expansion to the PTV volume.
Precise localisation of the extent of the target tissue and critical structures, are key
factors which allow a reduction in the safety margins and result in optimal therapeutic
dose delivery to the treatment target. This also results in a dose reduction to nor-
mal tissue and critical structures. However, there are several sources of uncertainties
which limit the precision in the planning and delivery of treatment. These include
uncertainties in the extent of the target tissue, patient and organ movement, in patient
setup and positioning and dose calculations. For an irregularly shaped target, which
is not entirely isolated from the organs at risk, IMRT can deliver a high dose to the
tumour while conforming to the tolerance dose of the normal tissue. In this treatment,
the beam intensity is varied across the field whilst the dose is delivered uniformly to
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the target. The processes required in the clinical workflow of IMRT involves: 1. The
fixation of a device used to position and immobilise the patient, with respect to the
imaging couch, to provide a more accurate treatment; 2. The acquisition of a CT im-
age, in order to generate a treatment plan, in which both target tissue and sensitive
structure boundaries are defined. 3. The transfer of information to the planning sys-
tem, in order to outline the target/anatomical areas of interest and dose calculations.
4. The verification of delivery accuracy, by applying the simulated plan to a phantom.
5. The assurance that the prescribed dose is delivered to the target tissue, by precisely
positioning the patient relative to the image generated during planning. Positioning is
achieved using lasers with skin reference landmarks (tattoos). 6. Cone beam CT may
also be acquired during the treatment to check the internal tumour position conforms
to the position in the treatment plan.
A simplified diagram of the radiotherapy clinical workflow is shown in Figure 2.2.
The sources of error and uncertainty that contribute to margin size include [90]:
1. Mechanical uncertainties in the medical accelerator such as collimator rotation.
2. Mechanical indicator and display uncertainties such as light and radiation field
agreement or digital display of gantry angle.
3. Mechanical uncertainties in the imaging and patient measurement systems, with
which localisation and treatment planning data are acquired, such as CT scanners
and virtual simulators.
4. Erratic patient movement during treatment, such as patient motion caused by
muscle contractions.
5. Patient repositioning uncertainties from treatment to treatment (setup error con-
tributes to margin size for which errors of 2 to 4 mm have been reported for lung
cancer patients).
6. Inter-treatment organ motion uncertainties, such as tumour shrinkage or growth.
7. Intra-treatment organ motion uncertainties due to rhythmic motion during treat-
ment, such as patient respiration and heartbeat.
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Figure 2.2: Radiotherapy clinical workflow.
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The uncertainties that contribute to margin size during the radiotherapy can be listed
as random and systematic errors. These are based on measurements which are captured
on a daily basis, for a number of patients and fractions. Random errors blur the dose
distribution, while systematic errors shift the cumulative dose distribution [119]. Van
Herk et al. [187] proposed a margin recipe which specifies that 90% of patients should
receive at least 98% equivalent uniform dose. This margin is 2.5 times the total SD of
systematic error, plus 0.7 times the total SD of random errors.
However, respiratory motion causes problems during external beam radiotherapy. This
has two consequences; the blurring of the image and distortion in the image, due to the
relative speed of motion and scanning. For the respiratory motion with a peak-peak
amplitude of less than 1 cm, the margin required is 0.3 times the peak-peak amplitude
of the motion. However, Van Herk et al. [188] recommend a non-uniform margin of 0.25
to 0.45 times the peak-peak amplitude, for the cases in which the respiratory motion
has a peak-peak amplitude greater than 1 cm.
For a tumour in thoracic and abdominal regions, the close proximity of the target re-
gion to normal organs at risk may cause unwanted irradiation of healthy tissue and
compromised dose delivery to the target region. This also occurs due to the effect of
the respiratory motion of the target region and surrounding organs. Effective method
of margin reduction could reduce dose to normal tissue and critical organs at risk
without compromising lethal dose to the tumour. Reducing the margin added due to
respiratory motion, can improve normal tissue radiation and reduce the dose to cardiac
and pulmonary organs. To deal with the constraints of the tumour and organ motion
during dose delivery, one approach may be dynamic tracking of tumour or surround-
ing organ motion due to the respiration. However, the magnitude of tumour motion
varies for different organs. Reducing the margin can be achieved using motion tracking
techniques or motion control methods such as breath-holding and gated radiotherapy.
Three key methods are employed during EBRT which have the potential to reduce
uncertainties of dose delivery and thus improve the accuracy of margins identified during
RT treatment. These approaches can be categorised as follows: Intensity-Modulated
Radiation Therapy (IMRT), Image-Guided Radiation Therapy (IGRT) and motion
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management [96] which will be described in more details here:
IMRT is a more advanced form of conformal radiotherapy using Multi-Leaf Collimators
(MLC) to form irregular-shaped radiation doses to ensure optimal therapeutic dose
delivery to the target site whilst simultaneously sparing unwanted dose to healthy
tissues delivered by LINAC [134]. One of the improvements of IMRT over 3DCRT is
that radiation beams are not only formed at their boundaries; but also, the radiation
intensity can be varied to provide the delivery of a precise conformation dose to convex-
shape targets [186]. In this treatment, iterative computer optimizations and inverse
treatment planning methods are employed to create dynamic treatment volumes.
IGRT acquires the location of the target before and during radiotherapy treatment
using imaging modalities such as cone beam CT, which is incorporated into modern
accelerator technology. To reduce toxicity and increase local control, IGRT can be
combined with IMRT. The CT is used to provide comprehensive information regarding
the patient anatomy.
Due to the identical features and geometry of CT images, the CT scan enables the
comparison of the patient images during the time of treatment to images acquired
when the patient initially underwent imaging for radiation treatment planning. Also,
it provides a possibility of dose reconstruction and adaptive re-planning. In organs
containing bony structures, the bony structures may be used for patient setup. Target
imaging can also be improved using implanted fiducial markers or MRI in the treatment
room.
Motion management Respiratory motion is one the most important aspects which
can affect the radiotherapy treatment. The breath hold, gated delivery, and motion
adaptive RT are some methods which may be considered as motion management tech-
niques. They adapt the treatment delivery to the motion of the target during the
treatment.
2.2.2 Treatment Planning
Treatment planning is a crucial step during EBRT to localise both tumour and target
volume. The treatment methods, configurations of beams, dose delivered and treat-
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ment volumes are designed by the health-care team before RT dose delivery. In doing
so, an optimised treatment configuration is obtained whilst reducing the dose to the
normal tissue and accurate dose delivery to the target region. This essential process
consists of several steps such as: obtaining more reproducible and immobilised patient
positioning during treatment, an indication of the tumour shape and location with
respect to neighbouring normal tissue, identifying an appropriate beam and how its
dose distributes over the tumour, and how an accurate prescribed dose is delivered
to the target by the treatment machine. This should allow one to irradiate the high-
est dose accurately to the tumour while minimising the damage to the healthy tissue.
The dosimetry process measures the amount of radiation received during treatment to
make sure the prescribed dose is delivered to the tumour. Radiation therapy termi-
nology and dose specification were standardised by the International Commission on
Radiation Units and Measurements (ICRU) in a report published in 1993 (ICRU report
50).
2.2.3 Patient Positioning
Precise patient repositioning and alignment are a key issue within EBRT to ensure
optimal therapeutic dose delivery to the treatment target during multiple treatments.
This can be achieved using patient positioning techniques and immobilisation devices
such as bolsters, pads, and wedges to provide a comfortable and reproducible set-up.
Other restraints such as molded polyurethane foam, masks, wing board and breast
board are also available to be employed for a particular treatment (e.g., head and neck
cancer patient or chest/thorax ). Figure 2.3 shows some samples of these position-
ing devices. However, these methods cannot eliminate the motion entirely; they just
can decrease the movement and variation in positioning. Some of these immobilisa-
tion devices produce inadvertent patient discomfort and motion due to the tightness
necessary.
Monitoring techniques serve as another category for patient positioning which may be
used beside immobilization devices to set-up patients. This method can provide any
variation in patient positioning using CCTV camera and monitor or real-time portal
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imaging.
Figure 2.3: Immobilisation devices from left to right: a mask, a wing board, a breast
board and a wedge.
Patient-induced motion can obfuscate the accuracy of EBRT dose delivery. Such mo-
tion can be categorised into two main types, involuntary and voluntary motion [148].
Cardiac motion is an example of the involuntary motion. Cardiac gating using Elec-
trocardiography (ECG) devices [147] can be utilised to compensate for such motion.
Respiratory motion is more challenging because of the complex behaviour of respira-
tory motion, which varies among patients and even for the same patient, and will be
explained in more details in the next section.
2.2.4 Respiratory Motion
Respiration is essentially involuntary motion, although a person may control the dis-
placement magnitude and frequency of their respiration or hold their breath. Breathing
patterns can be specified by posture (upright, prone, supine), breathing type (chest or
abdominal) and depth of respiration (shallow, normal and deep breathing). Effects of
respiration motion in EBRT have been investigated through movement of the tumour,
the host organ and radiographic fiducial markers embedded in the tumour or surrogated
organ [88]. Respiration is also a source of degradation in diagnostic medical imaging
such as Positron Emission Tomography (PET), where any movement can adversely
influence subsequent clinical diagnosis such as the position and the extent of a tumour
[21]. Furthermore, it affects two major aspects of RT treatment: planning and delivery.
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2.2.5 Effect of Respiratory Motion in EBRT
One of the common treatments for thoracic and abdominal cancer is EBRT. Problems
caused by respiratory motion during RT treatment delivery in these areas can be cat-
egorised as follows:
1. Image-acquisition limitations: Respiratory motion induces artefacts during im-
age acquisition, such artefacts may be mistaken as tumors or normal tissue, leading
to possible errors in dose calculation. A respiratory motion induced artefact from a
non-gated image is shown in Figure 2.4 which is avoided by acquiring using a gated CT
acquisition protocol [88].
Figure 2.4: (a) Shows CT scan taken during free breathing; (b) illustrates CT scan
with respiratory gated scanning at exhalation [88].
2. Treatment-planning limitations: Difficulty in quantifying the magnitude of
target volume margins previously described which can negotiate the accuracy of dose
delivery.
3. Radiation-delivery limitations: Inter-fraction motion causes a shift in dose
distribution, as well as, averaging or blurring of the static dose distribution over the
path of motion [88, 21]. An example of dose distribution of the 3D conformal RT for a
lung tumor is represented in Figure 2.5. As can be seen, the GTV was shifted out of
isodose line due to breathing [172].
To address all of the above issues and to deliver the prescribed radiation dose to the
moving tumour without damaging surrounding tissues, the respiratory motion must be
compensated or managed in some manner to mitigate effects of delivering unwanted
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Figure 2.5: (a) The treatment planning was performed using CT scan (b) dotted line
shows GTV on the isocenter which was shifted due to the breathing [29].
dose to healthy tissue and maximising the lethal dose delivered to the target [21, 171,
88].
2.2.6 CyberKnife System in RT
The CyberKnife system, which was invented particularly for motion-adaptive RT, is
a radiosurgery robot used to treat tumours by delivering a more accurate beam than
standard radiotherapy. To achieve this precision, it is crucial to identify and correct
for motion of the patient. CyberKnife includes a linear accelerator (linac), a 6 MV
X-ray Linac, which is installed on a robotic arm. This arm can move with 6 degrees of
freedom in order to adapt to the target movement. X-ray imaging during the treatment
and 3D imaging before treatment as well as combination of both help to determine the
location of the target accurately. In doing so, the radiation dose can be delivered from
many directions around the patient by regulating the beam toward the patient without
moving the patient. For lung and pancreas tumours, breath holding strategies have
been adopted initially to adapt to the motion, which will be described in more details
in Section 2.3.2. During free respiration, the CyberKnife can detect the target position
using infrared optical motion monitoring and the kV/X-ray imaging. The infrared
optical system tracks the chest motion which this movement is correlated to the target
location determined by X-ray imaging [125]. Therefore, using the obtained correlation
function, the chest motion captured by the infrared optical system is translated into
2.3. Motion Tracking Technology 23
the target motion.
2.3 Motion Tracking Technology
Patient movement, respiratory motion or any involuntary movement, is a major prob-
lem during imaging and RT due to the associated organ and target motion, reducing
the quality of diagnostic and therapeutic information available to the clinician. Mo-
tion management is consequently essential to enhance diagnosis imaging, effective RT
planning and delivery.
Several methods have been developed to track patient motion during medical imaging
and RT which will be described in this chapter. This comprises marker-based ap-
proaches that are attached to the external target surface. Sensors/cameras are then
used to track the position of these markers. Marker-based systems are regularly em-
ployed based on tracking a limited number of markers placed on the patient surface.
However, these systems need to be attached to the expected position precisely before
each fraction which is a time-consuming process.
One of the limitations of the current clinical motion tracking systems is that they
can only measure the motion of limited space where they are attached to the external
surface of patients. Besides, these physically attached devices are less tolerable for
patients who have breathing difficulty. Moreover, for patients in pain or discomfort,
conforming to respiratory motion management strategies whilst encumbered with such
devices can add to their discomfort and potentially result in poor compliance and so
compromise treatment efficacy.
EBRT can last several minutes. For instance, static IMRT may take about 8 to 12 min
to deliver a treatment fraction. Due to these long process in both image acquisition
and RT, it is very hard for the patient to remain motionless.
Breathing is the primary source of anatomic motion particularly for the patient with
thoracic or abdominal cancer. Respiration can be monitored using various methods
which can be classified into two broad types; data-driven motion measuring or employ-
ing surrogate external device. The following section will provide more details about
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these motion measuring techniques.
2.3.1 Motion Tracking for Thoracic and Abdominal Regions
Data Driven Motion Tracking
In this motion measuring technique, the medical imaging data itself can be used to
infer motion directly. Some of the data-driven motion estimation advantages are (i)
avoidance of auxiliary devices for tracking respiratory motion externally, or set-up time
of markers [122] and to use the external method to synchronise the equipment with the
imaging machine. One of the key disadvantages of data-driven methods are both low
temporal and spatial resolution characteristic of data such as PET. Also, some of these
methods cannot provide real-time tracking of motion.
Surrogate External Motion Tracking
In this technique, the tumour position is inferred using external surrogate motion and
corresponding models which assume that the surrogate signal is entirely correlated to
the tumour/target motion [165][72][81]. Principal advantages of the measuring sur-
rogate external respiratory motion are high sampling rates compared to data driven
methods and non-ionising nature of this method. Various devices have been suggested
in order to measure the external respiratory motion, and these devices are normally
based on mechanical/sensor-based techniques or imaging-based systems. Temperature
sensors, pressure sensors and spirometry systems are some example of sensor-based
systems, as described below:
Alternative Marker-based Motion Tracking
Pressure Sensor: Pressure sensors 1 strapped around a patient’s thorax and abdomen
have been proposed for RT and medical imaging. Figure 2.6a, presents an Anzai belt
which is strapped around the patient abdomen. This sensor consists of an elastic belt
1Anzai Medical, Tokyo, Japan.
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that can be strapped around a patient’s thorax and abdomen. Respiration changes the
pressure on the inside of the belt so that breathing amplitude changes can be shown as
a function of time [130, 107].
Spirometer: This respiratory sensor has been considered for RT, quantitative CT and
gated PET. Spirometry 2 measures the flow of air from and to the lungs through an
air tube which is connected to the patient’s nose or mouth as shown in Figure 2.6b.
A sensor within the tube, measures air flow. Air flow is converted to air volume to
depict lung movement precisely, but it is not comfortable for all patients to use this
technology [130, 206].
Temperature Sensor: Temperature sensors were originally investigated for the use
in respiratory gated RT and respiratory gated PET. Temperature sensors measure
variations in temperature of the air breathed by the patient by placing the sensor close
to the patient’s nose as presented in Figure 2.6c, as the air temperature before inhales,
has a lower temperature than after exhaling [130, 33].
The above examples represent the use of simple 1D signal sensors. However, using
video-based tracking technology allows a less invasive approach and moreover offers
up a potentially richer source of motion management information. The use of video-
based techniques to measure the external surrogate is reviewed in the following section.
The most used imaging-based systems are Varian Real-time Position Management, the
RPM and Polaris optical tracking systems 3, described as follow:
Real-time Position Management Respiratory System: The RPM respiratory
system is developed by Varian Medical Systems, uses a video camera and two infrared
reflective markers attached to a cubic box, spaced 3 cm vertically distant shown in
Figure 2.7a [189]. The video camera uses the top reflective marker to track the motion
and the known distance between two markers is employed to calibrate the amplitude
of the movement. According to tumour positions, radiographers place the box on the
thoracic or abdominal surfaces. The camera then captures the vertical displacement
of the markers on the patient’s thorax. RPM has been used in gated RT of the lung,
2Siemens Medical Systems, Erlangen, Germany.
3Northern Digital, Inc. (NDI), Waterloo, Canada.
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(a)
(b)
(c)
Figure 2.6: Exemplar of sensor-based methods for measuring the external respiratory
motion comprising: (a) pressure sensors, (b) spirometry system and (c) temperature
sensors . Figures (a), (b) and (c) were taken from [2], [37] and [130] respectively.
2.3. Motion Tracking Technology 27
respiratory gated CT, 4D-CT, PET and for both free breathing monitoring and breath
hold protocols [21, 130, 147].
Polaris Optical Tracking Systems: Alternatively, Polaris optical tracking system
(Northern Digital Inc, NDI, Medical) is another clinically used imaging-based system
that tracks the 3D position of markers. These markers can be active or passive markers.
Passive markers are wireless, made out of retro-reflective material, which reflects the
infrared light emitted by the Polaris sensor. These spherical passive markers are single
use. The active markers are in two types, connect with wire and wireless. These mark-
ers are infrared-emitting markers which are activated by an electrical current. There
is also the hybrid Polaris systems which consist of either active or passive markers.
This tracking system includes several markers and an IR sensitive digital camera at-
tached to a ring of infrared Light Emitting Diodes (LEDs) to capture 3D position and
orientations of markers [199]. Additionally, markers are arranged in various defined
configurations called rigid bodies shown in Figure 2.7b, right. The known knowledge
of the configuration of rigid bodies can be employed to determine both location and
orientation of markers.
Markers (e.g. a cube-based marker for RPM and rigid bodies comprising a limited
number of discrete markers in the Polaris) are the principal component of these surro-
gate imaging-based respiratory tracking systems. Consequently, marker set-up repro-
ducibility is one of the main issues of such approaches. Moreover, this limited number
of markers can only provide limited spatial information within RT compared with a
surface-based imaging methods.
Marker-less Motion Tracking Systems
Alternatives to marker-based motion measuring systems exist, there have been a num-
ber of marker-less motion monitoring system which can produce the 3D surface mon-
itoring including the AlignRT 4 [1, 161], Optical Surface Monitoring System (OSMS)
5 [198] C-RAD Catalyst 6 [175] and 3dMD 7 [86]. This current range of solutions has
4VisionRT Ltd., London, UK.
5Varian Medical Systems, Inc., Palo Alto, CA.
6C-RAD AB, Uppsala, Sweden.
73dMD Ltd., London, UK.
28 Chapter 2. Background
(a)
(b)
Figure 2.7: Two examples of surrogate imaging-based systems for motion monitoring.
(a) The RPM system including an IR camera and a cubic marker which has two reflec-
tors markers with known distance, the picture is taken from [66]. (b) Polaris optical
tracking system has a camera and active or passive rigid bodies in order to measure
the motion. Pictures are taken from [129].
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some limitations including (i) a much higher cost, (ii) can only capture a static sur-
face [140] and (iii) incapable of real-time monitoring of the whole body surface. For
instance, the C-RAD cannot capture moving surfaces due to its slow capturing time; it
can capture 1 frame per second [139]. The VisionRT aquisition time is much higher but
needs more time to drive and provide the surface topology [141]. So, it is not sufficient
for motion monitoring.
However, new advances in digital cameras and computer vision algorithms have resulted
in the development of low-cost depth cameras as a potential application for marker-less
motion tracking in diagnostic imaging and therapy. Some examples of these depth cam-
eras have been proposed for further research such as the use of Time-of-flight (TOF) was
proposed by Schaller et al. (2009) and Grimm et al. (2012) for scanner initialization.
Bauer et al. (2011) and Lindl et al. (2003) suggested the application of structured light
[27] [109] for coarse (∼10 cm) phantom and volunteer positioning. Besides the lowering
cost of these external surrogate measurements compared to 3D surface patient setup
systems such as AlignRT, the two significant benefits of these techniques are that there
is no need for marker deployment and all issues with markers as well as no additional
radiation dose due to data-driven motion tracking methods. These advantages have
motivated many attempts to re-use these sensors for different applications.
In the last few years, the gaming industry has introduced innovative low cost depth
camera technology. These low-cost cameras (<$200) have been launched primarily
for entertainment and gaming applications, although several medical applications have
been explored by researchers.
Microsoft Kinect sensor: There are various approaches to obtain motion from depth
data, however, some authors have proposed the use of the Microsoft Kinect sensor in
order to measure motion. Alnowami et al. [16] and Xia et al. [202] proposed the use
of the Kinect for Xbox sensor to monitor respiratory motion, although they suggest
differing methods to observe this motion. Alnowami et al. demonstrated the use of this
sensor in order to capture the whole chest surface, whereas Xia et al. suggested using a
board placed on the volunteer’s abdomen in order to track the movement. The method
by Xia et al. is similar to video-based motion tracking using markers. They proposed to
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place a translation surface (a brown manila envelope with fixed size) on the volunteer’s
chest as a surrogate in order to monitor the respiratory motion. This translation surface
has disadvantages such as requiring manual set-up time for placement and potential
issues with reproducibility in the placement of this surface. In addition, they might
require adjustment of the surface size and location for each individual. Moreover, they
have reported that they did not consider the stability of the camera and the sensitivity
to environmental factors [202]. There are other errors associated with data presentation
(e.g. Figure 4 shows a trend line where more exists due to independent measurements).
Not surprisingly, the reported Microsoft Kinect accuracy varies among these studies. As
mentioned earlier, authors have used different approaches to obtain their measurements
at various distance ranges with diverse circumstances.
Khoshelham et al. in [91] reported that Microsoft Kinect works with a triangulation rule
in order to provide the depth/distance. In this process, the emitter scatters patterns
of speckles onto the object, and then these patterns are recorded by an IR camera,
compared with the reference pattern using the correlation methods. The reference
pattern is a captured distance of a known plane which is saved in the memory of the
sensor. After a projected speckle is received by the IR camera and correlated with the
saved pattern, sensors produce a disparity image where each pixel corresponds to the
distance of the object to the sensor.
Figure 2.8, taken from [91] summarises the simple relationship between the distance of
a point to the sensor to the disparity map and the reference plane. As can be seen in the
figure, the center of IR camera is considered as the origin of a depth coordinate system
and Z shows the distance of an object to the sensor which is in the normal direction to
the image plane. The baseline, b, is the distance between IR camera and IR emitter,
which is in the same direction as X. Following the right-hand rule, Y is orthogonal to
both X and Z. In Figure 2.8, the point o shows an object on the reference plane at Zo
distance to the sensor, so if the object now moves toward or goes away from the sensor,
so the location of the speckle is shifted in the X direction, this is measured in disparity,
d. From the similarity of triangles rule, the two following equations can be formulated
2.1 and 2.5:
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Figure 2.8: Shows how the measured disparity, d, is linked to the distance of an object
at point k and captured reference planes which are saved in the memory. Figure taken
from Khoshelham et al. [91].
D
b
=
Z0 − Zk
Z0
(2.1)
d
f
=
D
Zk
(2.2)
where, in object space, D corresponds to the displacement of the point k. b and f
denote the base and the focal length of the infrared camera respectively. Zo and Zk
are distances of points o and k in object space, d indicates the measured disparity
in the image space. By re-writing these above two equations, the Zk represented by a
basic mathematical Equation 2.3 which represents the measure of the depth estimations
using the fundamental parameters determined by calibration process and the detected
disparity.
Zk =
Z0
1 + Z0fb d
(2.3)
The coordinates of each point in object space can be calculated from its image coordi-
nates and fundamental parameters:
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Xk = −Zk
f
(xk − x0 + δx) (2.4)
Yk = −Zk
f
(yk − y0 + δy) (2.5)
where x0 and y0 denote the coordinate of principal axes and xk and yk are the image
coordinates of the point. δx and δx used in order to correct the lenses distortion.
2.3.2 Methods for Respiratory Motion Compensation
There have been several approaches proposed for the target-based motion compensa-
tion. These methods include tracking the tumour directly, correlating the movement
of the host organ to the tumour motion, imaging a radio-opaque marker implanted in
or near the tumour or considering the motion of other structures as a surrogate for tu-
mour motion (such as the diaphragm or chest wall). Several other techniques have been
reported in the literature to mitigate respiratory motion such as gating the treatment
beam, Multileaf Collimator (MLC) tracking, repositioning of a robotic linear accelera-
tor and the treatment couch, and a gimbal monitoring system. There are explained in
more detail as follow:
Respiratory Gating Methods
During imaging and treatment delivery, radiation is applied during a particular portion
(gate) of the patient respiration cycle. Position and width of the gate are acquired by
monitoring the patient’s breathing signal using an external respiration signal or internal
fiducial markers. The displacement and phase of the respiratory signal can be used to
identify respiratory motion, as described by Dawood et al. and Shi et al. regarding
displacement and phase gating [46, 171, 88].
1. Gating using an external respiration signal: ExacTrac Gating/Novalis Gating
and Real-time Position Management (RPM) system are the most commonly used res-
piratory gating systems that utilise an external respiration signal. An exemplar gating
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using the RPM system is shown in Figure 2.9. Firstly, an Infrared camera generates
a breathing signal through capturing a displacement of a marker on the patient’s ab-
domen. Then, the gate signal is produced using a threshold of the breathing signal.
Finally, the gate signal is applied to control the radiotherapy beam on/off during a CT
scan or treatment [171, 88].
Devices such as external markers, Anzai belt and 3D video cameras can be used for
such gating. The key advantages of this type of gating are their non-invasive nature
and their ability to be employed with all patients [88].
Figure 2.9: RPM provides respiratory gating which can be applied for respiration-
synchronised imaging and radiotherapy, this picture is taken from Varian catalog [189].
2. Gating using internal fiducial markers: Fiducial markers can be implanted in
or near the tumour and identified by radiographic detection (using stereotactic X-ray
imaging system). This technique can gate radiation delivery for a real-time tumour
tracking [88, 193] using a set window for delivery, and removing the beam in all other
positions. Also, non-radiographic tumour tracking of the signaling device can be used
for tumour tracking. Seiler et al. and Balter et al. have described an implantable
powered radio frequency coil and a wireless radio-frequency seed monitoring system
that can be observed from outside the body for direct tracking.
3. Gated IMRT: Kubo and Wang in [97] proposed gated IMRT, which can perform
gating of the linear accelerator during Dynamic Multi-Leaf Collimator (MLC) delivery.
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However, gated IMRT increases the treatment time and as a result, patient throughput
is reduced and tumour control becomes difficult [48][197][43].
Breath-controlled Methods
Respiratory breathing patterns can be controlled either by requiring patients to breath
hold on command, or using an external device such as the Forced Shallow Breathing
(FSB) method. These breath controlling methods are reviewed below:
1. Breath-Hold Methods: The beam is delivered when a patient holds their breath
for a deep inspiration. In lung cancer radiotherapy, several breath-hold methods have
been used such as Deep Inspiration Breath Hold (DIBH), active breathing control, self-
held breath-hold with/without respiratory monitoring and breath hold in combination
with IMRT.
There have been several methods employed for monitoring breath hold level that can
be broadly categorised into ABC and RPM systems.
Spirometry-based Active Breathing Coordinator (ABC) system 8: In this method, a
spirometer sensor is connected to a mouthpiece and fitted on the patient’s mouth while
ensuring that he cannot breathe through the nose (nose is pegged ). Radiographers
can then monitor the level of inspiration while the spirometer device is connected to
a computer and monitor. To have a stable inspiration breath hold level, the spirome-
ter pinches valves close automatically when the patient has entered into the required
threshold level.
Fassi et al. in [61] compared stability and reproducibility of DIBHs monitored by
the spirometer-based system with infrared optical tracking of several passive markers
attached on the subject’s chest surface. They studied the variations of 7-11 markers
position during a single DIBH, between all DIBHs undertaken in one session and various
sessions across seven left-sided breast cancer patients. Also, they reported that there
is a 6.3 mm inter-session displacement of surfaces along one direction even at steadiliy
inspired volumes. This result shows that this sensor-based monitoring, spirometer-
based device, cannot provide a reproducible DIBH surface position during radiotherapy.
8Spirometry-based Active Breathing Coordinator (ABC) system (Elekta, Stockholm, Sweden).
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Real-time 3D surface imaging system: AlignRT surface imaging system 9 utilised by
Alderliesten et al. [13] for monitoring DIBH. They compared the CBCT scan images
captured simultaneously with AlignRT surface imaging and reported a good correlation
between two systems. However, they did not suggest that the 3D surface imaging can
be used solely for both setup confirmation and monitoring.
Monitoring of the lateral tattoo position technique: In this method, video-based tech-
niques have been employed to manage DIBH where lasers and light fields are used to
observe the entire external surface dynamically through a CCTV camera [25]. These
sensors and marker-based methods are usually restricted to a point or a Region Of
Interest (ROI) displacement signal of the entire anterior surface. Marker-based camera
systems, such as the RPM system are commonly used, based on tracking a limited
number of surface markers located on the external patient body surface for motion
monitoring and DIBH tracking.
2. Forced Shallow Breathing with Abdominal Compression: Lax and Blom-
gren [88] have developed a Forced Shallow Breathing (FSB) method for stereotactic ir-
radiation. In addition, a Stereotactic Body Frame (SBF) featuring a plate that presses
the abdomen has been applied to immobilise and position patients. However, there can
be difficulty in reproducing the exact position of the abdominal compression device.
However, the tumour motion can be verified by means of fiducial markers visible in
radiographs and/or CT images [88].
The gating and breath hold methods for respiratory motion compensation have some
drawbacks such as long treatment time in gating, and breath hold is difficult for pa-
tients with respiratory impairments [166]. These limitations draw a focus onto real-time
tumour tracking which allows the patient to breathe freely. Moreover, with such ap-
proaches, the treatment time may be reduced in comparison to gating as the beam is
delivered continuously.
9AlignRT, Vision RT Ltd, London, UK.
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Real-time Tumour Tracking Methods
This technique accommodates/compensates respiratory motion by tracking the tu-
mour’s position. Hence, the radiation beam follows the tumour’s changing position
and thus minimal tumour-motion margin is required in the dose distribution [171, 88].
The following steps are crucial for accurate dose delivery in such an approach:
1. Tumor position identification: The most important step in real time tracking is
determining the tumour position; as mentioned previously this is accomplished using
means such as (i) directly imaging the tumour (fluoroscopic/radiographic images) (ii)
imaging implanted fiducial markers in the tumour; (iii) estimating tumour location
based on surrogated breathing motion signals.
Keall et al. in [88] reported that a lung tumour can be detected in certain situations
through fluoroscopic images directly. However, most lung tumours are indistinct in
particular situations; therefore fiducial markers are crucial as a surrogate to improve a
tumour’s position measurement [171, 88]. In this method, extra radiation dose is deliv-
ered to patients during imaging. As mentioned before, it is necessary to use implanted
metal markers (three or more) to enhance measurement of tumour translation and ro-
tation, especially in lung tumours. Murphy, Chen, and Shirato [127, 44, 172] have used
gold fiducial markers that are detectable and observable in X-ray images. To reduce
additional dose from radiographic imaging exposure, episodic radiographic imaging is
combined with external breathing signals by hybrid tumour tracking techniques. Ex-
ternal breathing signals can be monitored and used to estimate the internal tumour
position continuously. Alternatively, indirect methods to determine tumour location
may be used. For example, tumour position can also be inferred from external respi-
ration signals if the correlation between external respiration signals and the tumour
position is stationary, as measured before treatment. However most studies suggest
that the correlation is non-stationary [137, 12, 72, 88]. Adaptive filter algorithms can
be used to infer the non-stationary signal by updating the breathing signal and the
tumour location signal to address this issue [127] [88].
2. Mitigating beam positioning latencies by respiratory prediction: In some
aspects of EBRT, there is an intrinsic delay (in Cyberknife robotic treatment is approx-
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imately 115 ms and in MLC is in the range of 0.16 to 0.60 s) to locate the target region,
and align the beam [165, 193, 88]. In order to compensate for these delays, the future
tumour position needs to be predicted in advance to compensate for these delays. In
radiotherapy, internal organ motion during respiration necessitates PTVs significantly
larger than GTVs thus resulting in unwanted dose delivery to healthy tissue. To ad-
dress this issue, the target region needs to be followed, and its future position should
be predicted accurately. This is the task of an adaptive prediction framework using
predictive models.
Prediction models can be categorised into two types: model-based prediction and model
free prediction.
In model-based prediction, the respiratory motion signal is predicted based on a math-
ematical model which is obtained via the breathing signal. Stationarity and periodicity
assumption are the bases of model-based prediction. However, the model may fail if the
breathing signal properties change over time for instance during irregular breathing,
coughing or sneezing. Some model-based predictions have been applied to forecast the
tumour’s position using a mathematical model of the breathing pattern e.g. the Kalman
Filter (KF) works recursively in real time and predicts the future based on model esti-
mation. KF involves two phases: predict and update. The input signal is applied to the
Kalman filter which makes an estimate of the future or predicted state. This predicted
state is then updated following the observation to refine the prediction. Alternatively,
Neural Networks (NNs) are a non-linear method for estimating tumour motion using
oﬄine training (parameters remain constant after training) or online training (param-
eters update at fixed time intervals) [79]. The Autoregressive Moving Average Model
and Sinusoidal Modelling are other model-based predictive models for tumour motion
modelling.
Model-free predictions do not have any assumption about the breathing motion. They
use the time series of the data to find the linear relationship of the data (weights of
the signal history). Regression models and Least Mean Squares algorithms are two
examples of Model-free prediction models.
The model-free prediction models may include [190]: 1. Linear Predictive Models
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(LP): In this system, a linear function of the input set is applied to predict the future
output signal. 2. Adaptive Filters (AF): similar to Linear Predictive Model, besides,
these approaches use a filter based on the Least Mean Squares (LMS) and Recursive
Least Squares (RLS) algorithms to optimise its coefficient automatically. The Table
D.1 in Appendix D briefly summarises the predictive models and their performance
results used for respiratory motion prediction in EBRT. Some studies reported that
the Model-free prediction models have better performance compared to model-based.
Ernest et al. in [59] compared the performance of some prediction algorithms on a
simulated data and real signal. They reported that the Support Vector Regression
(SVR pred) method outperforms the other algorithm [59]. Furthermore, Riaz et al. in
[153] published that SVM regression outperforms some algorithms after comparing their
performance. These prediction algorithms are: Linear regression (LR), Single-output
adaptive filter (AF), Miso AF and SVM regression [193].
Chapter 3
Assessment of Microsoft Kinect
Technology for Use in
Radiotherapy
3.1 Introduction
In medical imaging procedures including Positron Emission Tomography (PET), Mag-
netic Resonance Imaging (MRI) and X-ray Computed Tomography (CT), the patient
motion has been known as one of the main sources of image artifacts. This motion
induces uncertainty in diagnosis imaging [192][42][154][116], dose planning [23][63], and
delivery of radiation therapy [195][88][130].
In order to address the issue of patient motion, several approaches have been proposed
that fall into two major categories: limiting subject movement during imaging by immo-
bilisation device or restraints, and motion correction approaches using post-processing
of image data [112]. However, immobilisation devices including breast boards, molds,
masks and pillows do not remove subject motion entirely and generally lead to patient
discomfort. Several motion correction techniques have been developed previously such
as data-driven methods in order to obtain motion parameters from the captured data
itself during scanning or to estimate it from other sources of imaging, and then include
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these motion parameters into the image reconstruction.
To estimate subject motion seen during imaging two main approaches have been devel-
oped: (i) using various medical imaging modalities comprising 4D CT [62], or 4D MRI
[104] to estimate the volumetric change due to subject movement internally, and also,
external surrogate techniques such as Real-time Position Management (RPM).
The latter approach is preferred as external surrogate systems can provide a higher
sampling rate as well as high sensitivity. Numerous external surrogate systems exist
in the clinical settings, however, in most of them, motion, particularly sophisticated
breathing motion is characterised by a 1D trace. Despite this, there are a few sensor
technologies which can be utilised to provide such 3D geometric information, such as
the AlignRT 1 [2] [161], Optical Surface Monitoring System (OSMS) 2 [198], C-RAD
Catalyst 3 [175] and 3dMD 4 [86] for both therapeutic diagnosis and treatment. Slow
acquisition time and off-line surface rendering limit the effectiveness of these 3D surface
sensors for dynamic monitoring of subject movement [161][141].
3.2 3D Depth Cameras
A major innovation in the last few years has been the launch of many low-cost (<$200)
depth cameras, principally for non-medical applications such as gaming. These af-
fordable and practical sensors can track user’s body gestures, movement and voice
commands in order to let them interact with game consoles. However, such sensors can
also be connected for custom applications via a USB connection, allowing scientists to
develop many other applications. These consumer grade 3D depth devices unlike to
explained 3D surface systems are cost effective and provide a dynamic real-time surface
monitoring.
However, the principal limitation of depth cameras is that such methods do not di-
rectly measure the target volume position. This must be inferred from external optical
measurements and using assumptions about internal vs. external correspondences [72].
1VisionRT Ltd., London, UK.
2Varian Medical Systems, Inc., Palo Alto, CA.
3C-RAD AB, Uppsala, Sweden.
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The significant interest in optical methods is their marker-less nature, and there is no
additional radiation dose burden.
This chapter considers the hypothesis of whether a low-cost 3D depth camera might
be used as a marker-less single system solution to position and set-up a patient and
also track their motion in EBRT. To assess whether this technology may be suitable for
use in medical applications, potentially in its own right, but specifically, in this thesis
for measuring motion and variations in set-up, the fundamental static performance of
the Microsoft Kinect sensors are considered and their use under dynamic conditions of
target motion is studied.
There have been several technologies including stereo vision, laser scanners and depth
cameras [26] which are usually employed to capture depth images where pixel values
show the scene distances from the sensor. However, each technology has pros and cons
such as optimal range, the field of view and cost.
Microsoft Kinect is an example of such a 3D camera which was considered in this study.
This sensor is available in two versions5: Kinect for Xbox, and Kinect for Windows 1.
These currently available consumer-grade depth sensors are shown in Figure 3.1, consist
of an Infrared (IR) emitter and an IR depth sensor, an RGB camera, and a multi-array
microphone for capturing audio in order to locate the source and location of the sound.
In this work, the quantitative performance of two versions of the Kinect technology was
considered. Thus, the fundamental performance of Kinect for Xbox and Windows1 have
been assessed, to compare their performance under controlled conditions for medical
applications.
3.2.1 How Microsoft Kinect Works?
In 2012, the Kinect for Windows sensor was released. This is able to be employed in
closer proximity to a surface than the Xbox version, due to an upgraded firmware. In
particular, it is claimed that this near-mode feature can localise an object at a range of
40-50 cm compared to the minimum distance of approximately 100 cm of the Kinect for
5In the latter stages of this thesis work, a new version of the Kinect, which is Kinect for Windows
2, was launched with High Definition video data and time-of-flight depth sensor.
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(a)
(b)
Figure 3.1: Kinect sensors (a) Kinect for Windows 1 and Kinect for Xbox (b) Kinect
for Windows 2. The RGB, IR projector, and an IR camera are highlighted.
Xbox. The Kinect for Windows team have announced that the lenses for both Kinect
cameras are the same, therefore the hardware has not changed. However, the Kinect
for Windows camera was meant to contain new firmware which allows the camera to
scan targets without reducing accuracy, in situations such as when the target is as close
as 40 cm to the camera. This was investigated in this thesis.
These two versions of Microsoft Kinect work with PrimeSense infrared technology [144],
which use the principle of decoding structured light patterns to infer distance from the
camera [207]. Such cameras use an IR laser projector and an IR sensor, combined with
a dedicated chipset for real-time depth decoding. The IR projector emits a structured
light pattern via a diffraction grating to create a pseudo-random structured light pat-
tern. Such low-cost 3D depth cameras then use a triangulation algorithm to create a
3D scene depth image using the depth dependent dispersion of the structured light pat-
tern to infer scene depth. This produces an image where depth is encoded at the pixel
level. Features and characteristics of Microsoft Kinect for Xbox compared to Microsoft
Kinect for Windows 1 are reviewed in Table 3.1, the optimal operating range of sensor
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Feature Kinect for Windows 1 Kinect for Xbox
Technology used Structured Light Structured Light
RGB Camera 640× 480 (30 fps) 640× 480 (30 fps)
Depth Camera 640× 480 (30 fps) 640× 480 (30 fps)
Depth Range 40 cm to ∼ 6 m 120 cm to ∼3.5 m
Horizontal Field of View 57 degrees 57 degrees
Vertical Field of View 43 degrees 43 degrees
Skeleton Joints Defined 20 joints 20 joints
Full Skeletons Tracked 2 2
Latency [41] ∼90 ms ∼90 ms
USB Standard 2 2
Tilt Motor yes yes
Supported OS Win7, Win8 Win7
Near Mode Supported yes no
Price $299 $150
Table 3.1: Microsoft Kinect sensors specifications.
has been improved in the Windows version of the sensor.
3.3 Experimental Evaluation
There are three primary sources of noise which influenced the Kinect depth measure-
ments including spatial (occurs in a single frame), temporal (arises over several frames)
and interference noise (take place when more than two Kinect sensors are project-
ing at a single view) [115]. In order to investigate these three types of noise, several
experiments were undertaken here.
Firstly, a planar test object mounted on an optical rail for large-scale displacement
and then a precision motion platform for fine step measurements were used to eval-
uate the technical performance of the Kinect sensors quantitatively and study the
spatial/temporal noise.
Secondly, to examine the performance of using the Kinect for respiratory motion mon-
itoring, a Gail motion controller which has the capability to provide semi-respiratory
displacement was utilised. Further experiments were also conducted to study the per-
formance of using the Kinect sensor to detect volunteers respiratory motion both in
the supine and prone positions.
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3.3.1 Experimental Arrangement
In order to obtain the best depth measurements from Kinect sensors using human
volunteers, the appropriate sensor installation is needed. To do so, a simple camera
mount was made including two tripods and a gantry which was fastened securely to
tripods shown in Figure 3.2. This supporting mount can be adjusted to different height
levels and is simple to use in the clinical setting without possible blockings of treatment
head or other equipment. Thus, any camera can be attached to the top/bottom of the
gantry quickly, enabling the sensor to be kept securely during acquisition of data.
Figure 3.2: Sensor mount was made to easily use Kinect in clinical setting without
possible blockings of treatment head.
3.3.2 Pre-processing of Raw Depth Data
In the depth images captured by depth sensors, flying pixels exist. These pixels have
incorrect values and mostly occur at the boundary of objects since the depth value varies
suddenly in such regions. It is necessary to identify these pixels and remove them as
their depth value is inconsistent between background and foreground. The false values
of these pixels can affect both average depth displacement and the accuracy of the
registration.
To eliminate these pixels, in-house software was developed to mask the target region
in the entire depth captured. Masking the target area can isolate the intended target
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from the background in the new depth images. Since the mask is considered slightly
larger than the size of the target region to take into account any significant movement,
some flying pixels remain. A line was specified in the depth image and the depth value
along that path (profile) was then retrieved to obtain the two depth value thresholds
and remove the remaining flying pixels. Figure 3.3 shows an example of the depth
image and a profile line in red.
(a)
(b)
(c)
Figure 3.3: (a) An example of a depth image which has a profile line in red over the
test object. (b) The depth values of pixels along that red line in Figure (a). (c) is
showing the same depth image after masking.
3.3.3 Intrinsic Technical Performance Assessment
The preliminary experiment of using Microsoft Kinect sensors for capturing depth maps
shows that there are both systematic and random errors in experimental measurements.
Observed systematic errors are caused by pre-heating time of the camera [100][101],
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statistical noise and IR absorption testing for glass/metal surfaces [102][14], black sur-
faces and considering the potential impact on depth measurements such as different
skin colour. The influence of these factor on the intrinsic performance of Microsoft
Kinect sensors was evaluated here.
3.3.4 Pre-heating Time
Inaccurate depth measurements were observed at the starting point of acquisition in
previous experimental measurements when the camera was just turned on to obtain
data. In order to measure the required heating time for the depth sensor, an experiment
was undertaken. The distance to a planar wall was captured while the Microsoft Kinect
was placed parallel with the wall in a fixed position at room temperature. The depth
images were obtained for 10 frames per second (fps) for one hour. In this experiment,
the sensor was located 130 cm away from the wall while it was rigidly attached at that
length. A Region Of Interest (ROI) was chosen in the central region of the depth
images, to preserve a parallel ray geometry and minimise distance errors associated
with off-axis pixels within the ROI. Accordingly, the mean value of non-zero depth
pixels included in that ROI was considered as a range measurement at each frame to
calculate the pause time needed for the depth sensor to provide consistent depth values
during experiments.
Figure 3.4 presents the depth measured distances (mm) over time (min), using the Mi-
crosoft Kinect for Windows (version 1). The captured distance variation was observed
before the sensors were outputting consistent depth measurements, specifically the
depth value decreased 3.5 mm over the 40 min time period. This time delay is required
for the sensor to provide an accurate depth distance at normal room temperature. In
order to stabilise the sensor temperature and capture reliable data, pre-heating time
should be considered before any acquisition for RGB-D cameras. This phenomenon is
attributed to the different components reaching the normal operating temperature at
different times. These differences may occur due to the different materials employed in
the manufacture of analogue, electronic digital, laser and IR technology. Most impor-
tantly, Lachat et al. [100] suggested that the pre-heating time has an effect on the IR
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LEDs. As the temperature of the LED changes over time, the shape of the IR pulse
transmitted by the LEDs varies. In order to reduce this effect, the depth cameras have
an active fan which is activated after a few minutes to thermally stabilise the sensor.
Figure 3.4: Plot of depth value of distance measurements captured by the Microsoft
Kinect Windows 1 over time, indicating the heating time expected for sensor to output
consistent measurment in the normal room temperature.
3.3.5 Convert Depth Map Data to 3D Point Cloud
These sensors produce a depth map where each pixel represents the distance between
the sensor and scene. The darker pixels shows the scene close to the sensor and brighter
colour corresponde to the far objects. Dark blue pixels show the pixels without any
depth value, as a result of reflective surfaces and/or the objects were outside of the
optimal sensor range (too far or too close to the sensor).
Depth data can be converted to point cloud format and real-world dimension by using a
calibration matrix. Real world coordinates (xr, yr, zr) and pixel coordinates (xp, yp, 1)
are related by Equation 3.1, where z is depth pixel value at pixel (xp, yp) and K is
camera matrix given by Equation 3.2. fo and (cc1, cc2 ) are focal length and principal
point (optical center) in pixels respectively.

xr
yr
zr
 = z ×K−1 ×

xp
yp
1
 (3.1)
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K =
∣∣∣∣∣∣∣∣∣
fo1 0 cc1
0 fo2 cc2
0 0 1
∣∣∣∣∣∣∣∣∣ . (3.2)
Figure 3.5 presents examples of images which can be captured by the Microsoft Kinect
camera for one frame of data, in Figure 3.5c, 3D point cloud, each pixel in the depth
map was mapped into the 3D real space.
The Iterative Close Point (ICP) [30][82] algorithm was employed to register point clouds
between different acquisitions and so estimate the associated geometric transforma-
tion. In order to enhance the performance of registration, Random Sample Consensus
(RANSAC) [208][103] was used to reduce the outlier effects on estimating the trans-
lation between the moving and reference point clouds. The workflow of the proposed
point cloud registration is shown in Figure 3.6.
3.3.6 Effects of Temporal Depth Pixels Averaging
In order to analysis the effect of temporal averaging on the distance measured by the
camera, histograms of 10, 30 and 100 depth image distances for an ROI manually
selected on the target test are plotted in Figure 3.7. Standard deviations of measured
data were 0.22, 0.21 and 0.12 mm for 10, 30 and 100 depth frames. This shows that
the temporal averaging reduces effects of outliers in measurements.
3.3.7 Multiple Depth Sensors
To investigate potential interference between multiple Kinect sensors, the depth dis-
tance was obtained in an experiment which evaluates the impact of infrared interference
on sensor’s depth measurement. Microsoft Kinect sensors were placed at 80 cm parallel
to a test object (box), and the depth distance was captured for 100 s at 10 fps, the
experimental arrangement presented in Figure 3.8; A second measurement was under-
taken while an another Microsoft Kinect was turned on while one sensor was capturing
the distance.
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(a) (b)
(c)
Figure 3.5: (a) An example of an RGB image captured using the Kinect for Windows
sensor. (b) A depth map of the same experiment where pixels are colour-coded (in
mm) according to the distance from the sensor. (c) 3D point cloud representation of
the corresponding set-up.
Figure 3.6: Point cloud registration workflow.
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Figure 3.7: Histograms of 10, 30 and 100 depth image distances, showing the results of
temporal averaging.
Figure 3.8: The test set-up used to evaluate the interference between multiple sensors
(Microsoft Kinect for Windows and Xbox shown in red box), the depth maps of the
scene captured using one sensor while an extra sensor was switched on and projecting
the identical scene. Green box shows ROI used for test surface analysis.
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All measurements were undertaken while at least one sensor was capturing a scene and
after obtaining several frames of data with one sensor, the extra sensor was switched
on while overlapping the same view.
Figure 3.9a shows the depth image of the test object when only one of the Kinect sensor
was turned on while Figure 3.9b reveals the depth image of the same experiment when
an extra Kinect was projected on the box in a comparable analysis. Clear interference
was observed in the depth images captured by Microsoft Kinect Windows 1 when an
additional Kinect Xbox was projecting to the identical view.
(a) (b)
Figure 3.9: (a) Depth image of the sence recorded by Microsoft Kinect Windows 1. (b)
Depth image with an additional Microsoft Kinect Xbox projecting into the same view
at distance 80 cm from the sensor.
An IR pattern with a known structure is projected into a scene by each of the Microsoft
Kinect sensors. The disparity between the observed projected pattern and a reference
pattern is used to calculate the depth values for each of the sensors. However, when
multiple sensors project to the same scene, interference occurs between the projected
patterns. For this reason, it is very challenging for each sensor to independently recog-
nise the emitted pattern it has produced due to crosstalk. In this case, the sensor may
return an incorrect depth measurement, or in extreme cases will output a ”hole” in
the place at which the interference occurs. This hole is the region at which there is no
depth value present. For this reason, all works in this thesis is focused on single Kinect
sensor.
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3.3.8 Optimal Position for Measurements
In order to assess the optimal distance for measurement, and characterise the depth
sensors, several experiments were undertaken as described below: Initially, static per-
formance assessment of using Microsoft Kinect sensors was considered through a set of
two experiments, large scale and local step evaluations (see Figure 3.11). Then, sensor
performance was examined using dynamic experiment.
Static Performance Assessment
To compare the performance of Kinect for Xbox and Kinect for Windows 1 under con-
trolled conditions, both units were simultaneously mounted on an optical rail which has
a calibrated millimeter graticule. Then a test object (a plain test card of 30 cm × 21 cm
size) was positioned perpendicular to the rail axis, at known fixed locations from the
camera to assess performance (see Figure 3.11a). Data were acquired and analysed
using the Microsoft Kinect SDK and Matlab. The card-to-camera distance was varied
from 40 cm to 190 cm. At each measured distance, data were acquired with the Kinect
for Windows operating in normal-mode and near-mode, in addition to using the Kinect
for Xbox unit. In the distance range 40-50 cm the step size was 5 cm, whilst at a
distance range 50-100 cm and 100-140 cm, the steps size varied by 10 cm and 20 cm re-
spectively. At each distance, 100 frames of depth data were obtained and averaged over
all frames to reduce statistical noise. The ROI (i.e. an area drawn on the image over
the card) was selected to cover >90% of the imaged test card at the maximum distance
used, in this case 140 cm. The same pixel area was then used at different distances in
order to ensure consistent pixel sampling and to preserve a parallel ray geometry and
minimise distance errors associated with off axis pixels. The mean depth derived from
the ROI placed on the test card was then considered to characterise the large scale
depth performance of Microsoft Kinect sensors. The systematic errors were estimated
by subtracting the depth, or camera to target distance, as recorded by Microsoft Kinect
sensors, from the true known distance derived from the graticule.
Figure 3.10a shows the raw estimated distance as recorded by the Microsoft Kinect
sensors ROI placed over the test card region, vs. the actual distance in mm derived
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from the graticule. This demonstrates linear behaviour over the range 80-140 cm depth.
(a) (b)
Figure 3.10: (a) Captured distance by Microsoft Kinect vs. the actual distance in mm.
(b) Microsoft Kinect distance error where the true known distance derived from the
graticule.
As can be seen in Figure 3.10a, Kinect for Windows in normal-mode and Kinect for
Xbox cannot work at a distance range below 50 cm. However Kinect for Windows
operating in near-mode appears to have superior performance to both of the above.
With increasing distance from the sensor, the accuracy of measurements is reduced.
This occurs as both the random error of data increases, and the point density decreases
(i.e. depth resolution decreases), quadratically with distance [91].
In this experiment, since the proximity of the particular treatment head may prevent
the sensor from observing the couch at distances less than 80 cm, range from 80 to
140 cm was selected.
To better understand the Microsoft Kinect performance in this region, a local step
investigation was made. In this measurement, the quantitative performance of these
sensors were studied using a precision motion platform with an accuracy of 0.2 mm,
and a rectangular solid water block of 20 cm × 20 cm × 5 cm size. This experiment was
undertaken in a radiotherapy treatment room where the motion platform was positioned
on the treatment bed. The motion controllers incremented the block-camera distance
from the Microsoft Kinect cameras in 2 mm, 3 mm, 5 mm and 10 mm steps at two
initial fixed reference distances of 80 cm and 100 cm. Using 100 frames acquired at
each step, an average image was produced to reduce statistical noise. The 80 cm and
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100 cm reference distances were then subtracted from each of the 2 mm, 3 mm, 5 mm
and 10 mm step measurements at 80 and 100 cm in order to observe the accuracy of
small depth increments Microsoft Kinect sensors performance as these steps were moved
with accurate motion platform.
(a) (b)
Figure 3.11: (a) A test object mounted on an optical rail for large scale steps evaluation.
(b) An accurate motion platform used in the local step experiment for moving an object
at several distances from the Microsoft Kinect sensors. In both experiments, test objects
and Kinect sensors are highlighted with red and yellow boxes.
Local step measurement errors between the Microsoft Kinect measured distance and
the actual distance in mm are calculated at fixed initial distances of 80 cm and 100 cm
for Microsoft Kinect for Xbox and Kinect for Windows. Data were acquired with
the Kinect for Windows operating in normal-mode and near-mode at each measured
distance. These sensors have an error of less than 2 mm in distances 80 cm and 100 cm,
which is consistent with the results reported by other researchers [71]. This shows that
the ideal distance, minimising intrinsic distance error, is 80 cm-100 cm.
3.3.9 Rotation Transformation Measuerment
In order to examine the Microsoft Kinect’s performance due to rotational position-
ing issues, a solid water block was fixed on the treatment couch and captured by the
Microsoft Kinect sensors (Kinect for Windows in normal-mode and near-mode) to cre-
ate a surface as a reference model. After the acquisition of the reference surface, the
treatment couch was then rotated through a set of known angles while, the solid block
surface was captured by sensors. At each measured angle, the depth image was aver-
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aged over 100 frames and to estimate the Kinect captured angle, the averaged depth
images of the reference and target were then converted to a 3D point cloud array using
the intrinsic camera parameters [128]. ICP with 6 Degrees Of Freedom (DOF) [30][82]
was used to align the point cloud at each step to the reference model (i.e. the 3D point
cloud obtained at a zero angle). RANSAC [208][103] was used to reduce the outlier
influences on estimating the error at each rotation angle using ICP. The accuracy of
Kinect units was estimated by the difference between rotation angles obtained by the
Microsoft Kinect and the known defined rotation while the distance between the test
object and Kinect unit was approximately 100 cm.
Table 3.2 shows the Kinect units’ estimated angle and the actual angle in degree in
distances 100 cm from Kinect operating in both near-mode and normal-mode. As can
be seen in Table 3.2, Kinect for Windows in near-mode has an error less than a 1 degree
compared with Kinect for Windows in normal-mode at this distance.
Ground truth normal-mode near-mode
3◦ 1.4◦ 2.5◦
4◦ 2.4◦ 4.8◦
7◦ 3.6◦ 6.8◦
Table 3.2: The Kinect for Windows in normal-mode and near-mode rotation’s results
and the known defined rotation. Acquired as an average of 100 frames at distance of
100 cm.
3.3.10 Head Phantom (Rando) Experiments
A further experiment was performed to assess the accuracy of head phantom realign-
ment. In doing so, a Rando head phantom was placed on motion platform and was
captured by Kinect while the distance between the head phantom and Kinect was
approximately 80 cm. Figure 3.12a shows the experimental arrangement and its corre-
sponding depth image 3.12b.
After acquisition of the object as a reference model, the object was rotated by a known
rotation as 2, 3, 4, 5 and 7 degrees. Then, the Rando phantom was captured again for
100 frames and averaged to reduce noise at each position. After the depth data was
converted to point cloud and real world dimensions, the point cloud was registered to
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(a) (b)
Figure 3.12: (a) Experimental arrangement: A Rando head phantom was placed on
the motion platform as shown in box by yellow and captured by Kinect for Windows
in normal-mode and near-mode. (b) Example of an obtained depth map.
the reference model using ICP. Figure 3.13 illustrates the RMS error between the angle
calculated using ICP with the Kinect point cloud data and the actual angle in degrees
at 80 cm.
Figure 3.13: The RMS error between the Kinect and the actual angle in degree at 80 cm
for Kinect for Windows in normal-mode and near-mode.
Dynamic Performance Assessment
Given the performance of Microsoft Kinect technology shown in Section 3.3.8, appli-
cation of these sensors was studied for observing respiratory motion using synthetic
semi-respiratory movement. The motion platform was used in order to induce a surro-
gate motion to assess the dynamic performance of these sensors, Kinect for Windows
in near-mode and normal-mode for respiratory motion tracking. This respiratory-like
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motion created by a precision motion controller, which has a capability to provide semi-
respiratory displacement and considered to be ground truth. The motion platform has
an accuracy of 0.2 mm [45]. The experimental arrangement is illustrated in Figure
3.14 where the motion controller is utilised to create a Lujan motion (respiratory-like
motion as shown in Equation 3.3) in the z direction, as this represents the major axis
of motion during respiration to examine how the depth sensors can measure known
respiratory-like motion.
x(t) = 10 cos6(pit)/τ + pi/2 (3.3)
A solid water block of 20 cm × 20 cm × 5 cm size was placed on the motion platform
while the distance between the sensor and block was approximately 100 cm. Motion
controller software can adjust surrogate motions to several waveforms.
The error was obtained by subtracting the motion controller displacement from the
motion captured by Microsoft Kinect sensors. Figure 3.15 illustrates the Kinect cap-
tured movement and actual controller displacement in red and green respectively. The
mean error was approximately 0.57 mm.
(a) (b)
Figure 3.14: (a) Shows a motion platform experiment where the respiratory motion
can be monitored using the Microsoft Kinect sensor. Distance between the Microsoft
Kinect and the test object surface was approximately 100 cm, the sensor was mounted
in front of the test object and the treatment couch.(b) Examplar depth image of the
following experiment. Regions of interest shown in black, overload over depth map.
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Figure 3.15: The plot of Lujan motion, alongside recorded signals from Microsoft Kinect
system. The dynamic error obtained for respiratory-like breathing in the block placed
on motion controller using Kinect for Windows. The maximum error was 2.13 mm,
with a mean error of 0.57 mm.
3.3.11 Respiratory Motion Monitoring
Given the performance of Microsoft Kinect technology shown in this chapter, the use
of this sensor was proposed for respiratory motion monitoring both in the supine and
prone positions. In this study, volunteers were captured in two common configurations
in EBRT, supine and prone. No other particular instruction regarding the breathing
pattern was asked from volunteers.
Prone Position
In the first experiment a volunteer lay prone on a treatment couch with the Kinect for
Xbox placed at 1 m from the midpoint of the spine. Figure 3.16a shows the experimental
arrangement and Figure 3.16b represents dynamic data acquired for both tidal and deep
breathing in the prone position using a mid-thoracic ROI.
Supine Position
In the second experiment a volunteer was placed in the supine position and normal
tidal breathing was recorded using a Kinect for Windows sensor placed at 80 cm from
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(a)
(b)
Figure 3.16: (a) Experimental arrangement: A volunteer was positioned in prone po-
sition and captured by Kinect for Xbox and region of interest was obtained as shown
with a white ROI. (b) Shows dynamic data acquired for both tidal and deep breathing
in the prone position using a mid-thoracic ROI.
the volunteer’s chest. A color-coded depth map is shown in Figure 3.17a which also
shows the position of 2 ROIs used on thoracic and abdominal surfaces. Figure 3.17
compares tidal breathing motion in the thoracic region compared to the abdominal
region of ROIs A and B respectively. The displacement in the first cycle demonstrates
a deliberate cough. These results suggest that Kinect technology may be useful for
monitoring forced as well as tidal breathing, and thus may be useful for gating during
dose delivery.
(a)
(b)
Figure 3.17: (a) Depth image of a volunteer in supine position and showing ROIs. (b)
Respiratory motion plot captured using Kinect for ROIs A and B.
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3.4 Discussion
Several experiments were performed including impacts of the temperature of Microsoft
Kinect sensors on distance measurement, the accuracy of both sensors measured dis-
tances, ability to identify known synthesis motion provided by respiratory phantom,
and the effect of using multiple Microsoft Kinect sensors at the same time on the
performance of sensors. At least 40 min time pause is required for Microsoft Kinect
for Windows 1 to provide a constant depth measurement in a normal room tempera-
ture. When an additional Kinect sensor was projecting to the same view, considerable
interference was noted in the depth images captured by Microsoft Kinect Windows 1.
Microsoft Kinect technology, in particular, Kinect for Windows, appears to offer a
promising non-contact, non-marker based approach for use in external beam radiother-
apy, with errors of <2 mm over a wide range of distances. Furthermore, Kinect for
Windows in near-mode results in superior performance compared to Kinect for Win-
dows in normal-mode and Kinect for Xbox (less than a few mm error for static objects,
0.57 mm for respiratory-like motion while the distance between the test object and
Kinect was at an optimum distance, 1 m) and has a potential for use in external beam
radiotherapy. In addition, Kinect may be used for monitoring patient respiration in
both the supine and prone position and this sensor can capture both tidal and deep
breathing.
Chapter 4
Respiratory Motion Modelling
Study
4.1 Introduction
Respiratory motion is an obfuscating issue that causes difficulties during External Beam
Radiation Therapy (EBRT), especially for the thoracic and abdominal regions. This
motion impairs the delivery of therapeutic dose to the target region [205] and introduces
ambiguity in Radiotherapy (RT) delivery due to both target and organ movement [137].
Such motion may vary between different fractions and during a fraction of the planning
and delivery sessions [118] referred to as intra- and inter-fraction variation respectively.
Moreover, in RT delivery, such associated error in the defined treatment margin may
extend unwanted dose to healthy tissues and thereby compromise dose delivery to the
target region [130].
Respiratory motion management techniques are therefore vital in diagnostic imaging
and radiotherapy. These can be broadly divided into those which can be monitored in-
ternally, or externally usually via some surrogate measurement. 4D Computed Tomog-
raphy (CT) [62], 4D Magnetic Resonance Imaging (MRI) [104] and tracking implanted
electromagnetic fiducial markers [162] are examples of techniques which can monitor
this motion internally. However, 4D CT results in significant extra dose to the patient
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whilst MRI has the disadvantage of slow acquisition unless parallel imaging is available,
as well as the poor contrast in fast dynamic 4D datasets. An implanted fiducial method
(wireless tracking) as applied in the Calypso system [200] is a complimentary technique
but which has an invasive nature.
In contrast, external respiratory monitoring methods are non-ionising and more eas-
ily obtainable. These external monitoring devices can be classified into two groups:
mechanical/sensor-based techniques and imaging-based systems. Sensor-based systems
include temperature sensors, pressure sensors and spirometry systems aimed at directly
measuring the passage of inhaled/exhaled air. By contrast, the Varian Real-time Posi-
tion Management, RPM (Varian Medical Systems, Inc., Palo Alto, CA), is one of the
most popular imaging-based system that is used clinically for free breathing monitoring
as well as breath hold level protocols. The RPM system includes a reflective plastic
box and an infrared camera. The box is placed according to the tumour positions on
the thoracic or abdominal surfaces to measure external respiratory motion close to the
tumour site. However, the subsequent measured respiratory motion is reliant on the
reproducibility of box placement throughout the different treatment fractions.
Arguably, Polaris optical tracking system (Northern Digital Inc, NDI, Medical) may be
regarded as one the most advanced imaging-based system that tracks the 3D position
of skin markers. These markers can be active or passive markers. In these two lateral
external imaging-based monitoring systems markers have a key impact; a cube-based
marker for RPM and a limited number of discrete markers in the Polaris case for RT
applications. Therefore, such approaches carry with them issues of marker placement
reproducibility and that only limited spatial information is obtained within RT rather
than a surface-based image.
There are some commercial marker-less devices capable of rendering 3D geometric in-
formation. These technologies include the AlignRT (VisionRT Ltd., London, UK) [161],
Optical Surface Monitoring System (OSMS) (Varian Medical Systems, Inc., Palo Alto,
CA) [198] and C-RAD Catalyst (C-RAD AB, Uppsala, Sweden) [175]. However, these
devices are very high-priced and cannot provide real-time performance for continuous
monitoring of entire body surfaces. Due to their low frame rate, some of these tech-
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nologies can only measure static objects. For instance, C-RAD Catalyst can obtain one
frame per second so it cannot easily measure respiratory motion.
An alternative approach is proposed to address the above mentioned issues. This
technique is marker-less, non-ionising and non-invasive, based on using low-cost 3D
depth camera technology, which avoids the need for marker placement. This chapter,
therefore, explores for the first time, the potential use of inexpensive consumer-grade
depth camera technology, for respiratory motion management. As a starting point, the
Kinect depth camera is used to acquire respiratory motion data in a mixed cohort of
healthy volunteers. These data are analysed using a variety of methods to reveal some
of the underlying patterns of respiratory motion.
As respiratory motion is constrained by the diaphragm, and musculoskeletal articula-
tion, it seems likely that there are intrinsic relationships between respiratory motion
parameters such as amplitude, period, and exhale phase. This study investigates this
hypothesis, in doing so subject specific external respiratory motion analysis was under-
taken including intra- and inter-subject parameters and examining respiratory motion
drift during regular breathing. A cohort of volunteers was scanned using the Microsoft
Kinect. Each volunteer was imaged for 300 s on three separate occasions. To investigate
the dominant mode of breathing, a cohort-based Principal Component Analysis (PCA)
is undertaken in this study.
Depending on tumour position, observing either thoracic or abdominal aspects of res-
piratory motion in cancer patients may be more important e.g. subjects with breast
cancer may benefit from monitoring deep breath hold inspiration in the thoracic region,
rather than the abdominal area. For instance, Wang et al. [196] proposed the breathing
pattern is more thoracic dominant for females than males. Wang ’s hypothesis could
be important for breast cancer patients, and is considered in detail here.
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4.2 Material and Methods
4.2.1 Volunteer Preparation/Data Acquisition
A group of thirty-two healthy volunteers, seven females and 25 males, was captured
individually using a Kinect for Windows 3D depth camera, operating in near-mode on
three separate sessions. The Microsoft Kinect can capture the 3D motion of the anterior
surface information from a continuously-projected infrared light pattern, providing a
depth map that can change with motion in the scene. Further details about this camera
were presented in Chapter 3. Figure 4.1 illustrates the experimental arrangement.
(a)
(b)
Figure 4.1: (a) An example of a volunteer in the supine position where external res-
piratory motion was captured using a Kinect for Windows operating in near-mode.
(b) Examplar of the depth map produced by the Microsoft Kinect with a Region Of
Interest (ROI) selected encompassing the thoracic and abdominal surfaces.
As can be seen in Figure 4.1a, the external respiratory motion from each volunteer
was captured with the Microsoft Kinect positioned approximately 800 mm above the
subject’s chest, because at this distance, the depth error is typically around <1 mm.
Moreover, the sensor was placed above the volunteer’s chest while the subject was lying
in the supine position, and the respiratory motion signal was captured for 300 s without
any instruction regarding breathing style. Normal tidal breathing was then recorded for
all volunteers at 10 frames per second. This was repeated three times for each volunteer,
with acquisitions spaced over a three-week interval. For each volunteer, at least, 5
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minutes was allocated for adaptation of volunteers to get into a comfortable position
and settle down in the required position and to attain their own normal breathing
pattern. Table 4.1 summaries the cohort characteristics including: age, gender and
weight.
Volunteers No. Age (year) Gender Weight (Kg)
1 29 F 59
2 28 M 75
3 22 F 63
4 64 M 63
5 28 M 78
6 30 M 70
7 26 F 57
8 30 M 76
9 37 M 88
10 25 F 53
11 35 M 93
12 46 M 80
13 26 M 85
14 28 F 56
15 28 M 75
16 24 M 85
17 24 F 60
18 28 F 45
19 32 M 77
20 24 M 92
21 29 M 73
22 52 M 70
23 31 M 80
24 32 M 100
24a 32 M 100
25 28 M 102
26 35 M 86
27 26 M 60
28 21 M 46
29 29 M 84
30 24 M 90
31 30 M 60
Table 4.1: Volunteers characteristics. Volunteer number 24 was asked to breathe in an
irregular manner to contrast that with regular breathing.
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4.2.2 Preprocessing of Captured Data
Data pre-processing is a crucial step for respiratory motion modelling to overcome
some of the issues such as large data points handling, intra-/inter variation during
the imaging workflow, and errors during patient alignment. Different modalities can
be used to acquire the data with different sampling rates so the downsampling pre-
processing can be used to regulate the datasets and reduce the size of large datasets.
Moreover, to reduce the error in patient set-up and variation in different fractions,
an ROI is extracted and used to set-up images initially. This will also enhance the
accuracy and reproducibility of the registration.
ROI Registration
To allow quantitative comparison of respiratory motion data between individuals and
study intra/inter variations of respiratory motion, all anterior external surfaces were
registered to a common reference. The first 60 s of depth measurements (600 frames)
was used to extract end exhales phase. Surfaces in those phases were utilised to compute
the mean depth image per session, µs to include the potential changes of the external
surface due to respiration. Next, an ROI (denoted by the yellow box in Figure 4.1b)
was selected on the mean depth image of the first session, µ1, external surface including
both chest and abdominal regions.
To estimate the variation in volunteer’s position between three sessions for each volun-
teer, the mean depth image for the next two subsequent sessions {µ2, µ3} was sequen-
tially registered into the first mean depth image µ1 considered as a reference. A 2D
affine transformation is applied so that intra/inter-session analysis could be completed.
Finally, the selected ROI on the mean depth image of the first session was transformed
into their corresponding points on the mean depth images of session 2 and 3 using the
inverse of spatial transformation for each session. Figure 4.2 shows an example of a
depth map of one volunteer in three sessions before and after registration.
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(a) (b)
(c) (d)
Figure 4.2: (a) An example of the image of the differences between volunteer’s anterior
surfaces for session 1 and 2 as extracted from the Kinect depth maps (volunteer #1
shown in Table 1) before registration. (b) The differences between session 1 and 3
for the same volunteer. (c) This figure demonstrates the image of volunteer’s anterior
surface after registration (session 1 and 2). (d) Same result after registration for session
1 and 3. Per pixel difference in depth, expressed in mm, is represented via the greyscale
bar shown alongside each figure.
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4.3 Categorization of Dominant Mode
4.3.1 Standard Deviation Image
Data analysis
The first simple analysis to start to understand the dominant mode of breathing was
to consider the standard deviation (σ) of the depth maps seen during tidal respiration.
In order to analyse both intra-/inter- session variability, the captured data with 300 s
measured time was divided equally into the three intervals for each session, 100s. More-
over, each volunteer was scanned for three sessions, so in total, there were nine episodes
of breathing for each person. Therefore, a map representing the standard deviation of
the depth displacement seen at each pixel over time, t seconds , was calculated across
the chest for each episode of breathing.
After obtaining the standard deviation images, to classify the style of breathing such
as abdominal/thoracic or both dominant across this group of subjects, two ROIs were
selected on the standard deviation image, one on the thoracic region and one on the
abdominal surface of each subject. Therefore, the mean pixel value representing the
mean variation within each ROI was used for each subject for further analysis. For each
subject during these three sessions, the average depth values seen in the abdominal and
thoracic ROIs were plotted for each episode of data. Also, the mean value of variation on
the thoracic component was plotted against the mean value of variation on abdominal
surfaces across all subjects and sessions. Fuzzy c-mean clustering [31] was used to divide
these subjects style of breathing into three classes. This was based on the hypothesis
that breathing patterns fall into one of three dominant styles: abdominal-dominated,
thoracic-dominant and abdo-throracic equivalent - i.e. having similar displacement be-
tween abdorminal and thoracic components. Fuzzy-c-means clustering was chosen over
the simpler k-means clustering method because Fuzzy-c-means permits each cluster
with probability, whereas, in K-mean clustering, each sample only belongs to one clus-
ter, so is more sensitive to the outliers [173]. After clustering data into three classes,
a gender-based study was undertaken in each class to present the statistics population
of genders in each class/style of breathing in order to explore Wang’s hypothesis [196].
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Results
Figure 4.3 (a, b and c) illustrates three images representing the standard deviation
of the displacement seen at each pixel over the 100 s acquisition across three of the
subjects (a) subject with one of the most consistent results (subject #15), (b) female
subject (subject # 1) with variations on both thoracic and abdominal surfaces, (c)
subject with one of the highest level of temporal variation on the abdominal surface
(subject # 6). This demonstrates respiratory variance dominated by abdominal motion
in Figure 4.3c, whereas in Figure 4.3a and 4.3b similar levels of variation are seen in
the central abdominal/thoracic regions, but with greater lateral thoracic variance in
Figure 4.3a.
(a) (b)
(c)
Figure 4.3: Three examples of the pixel-wise standard deviation image of volunteer’s
anterior surface as extracted from the Microsoft Kinect depth map, image (a and b)
for the volunteers (volunteer #15 and #1 shown in Table 1) who’s variance dominated
on both abdominal and thoracic region (c) and for the volunteer #6 who’s with the
highest level of temporal variation on the abdominal surface captured using a Kinect
for Windows sensor.
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Figure 4.4 summarises the standard deviation images, thoracic vs. abdominal region
variations, across all the subjects for three occasions clustered using fuzzy-c mean into
three classes. This demonstrates respiratory variance dominated by abdominal motion
in 26.1% of subjects, whereas in 6.2% of subjects greater lateral thoracic variance were
seen and in 67.7% of subjects variance dominated on both abdominal and thoracic
regions.
Figure 4.4: Clustering of 32 volunteers breathing datasets according to the breathing
style. In this figure, ’X’ represents the center of each cluster and subjects in each cluster
have specific membership labelling and colour code. Subjects variance dominated on
both abdominal and thoracic are shown with green ’*’ and for subjects who’s respiratory
variance dominated by abdominal and thoracic regions are plotted with blue ’o’ and
red ’+’ respectively.
Markers, such as those used on the RPM box are usually placed between the xiphoid
process and the umbilicus as it is conventionally accepted that this location has the
largest respiratory displacement. However, by considering the standard deviation of
depth maps over time, it was observed that the position of the most significant res-
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piratory motion is different (e.g. see Figure 4.3) for each individual and also appears
dependent on breathing styles, such as thoracic or abdominal-dominated or somewhere
between. Therefore, it may be advantageous to record respiratory signals using loca-
tions dependent on a particular individuals variance map.
4.3.2 Single ROI Analysis
All volunteers were first registered to a common reference using a 2D affine transfor-
mation as explained in Section 4.2.2 so that inter-and intra-session analysis could be
successfully performed. Then, the transformed ROI for each session was chosen to
cover >95% of the ROI used for registration in order to remove the dead pixels on the
boundary of external surface of each subject chest encompassing the whole thoracic
and abdominal surfaces (see Figure 4.1b).
The ROI consists of X, Y and Z components, wherein X and Y describe the ROI pixel
coordinates and Z represents the depth value of each pixel as the distance between
Kinect camera and the chest surface. The mean depth value (Z component) for all
pixels on the ROI, was used at each time point. For some volunteers with chest hair
produced relatively noisy data as some of the depth value of pixels are corrupted by IR
scattering from the chest hair. However, noisy pixels or those with gross depth values
attributed to poorly functioning pixels on the sensor itself were removed in the ROIs
by thresholding method to enhance the respiratory displacement.
Figure 4.5 shows an ROI displacement in Z coordinate for two volunteers. As can be
seen, in one of them the data is noisy due to hairs on the external surface. Noisy and
filtered displacements are presented with blue and red colour respectively in Figure
4.5b.
4.3.3 Multi ROI PCA Analysis
Before performing further surface-based analysis, to illustrate the relative motion of
the abdominal and thoracic components, a separate multi-ROI analysis is undertaken.
The choice of ROIs is similar to the approach taken in multi-marker based analysis
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(a) (b)
Figure 4.5: Exemplars of displacement from mean produced by the Microsoft Kinect
with an ROI selected on the chest surfaces. (a) for the volunteer with the most con-
sistent result and (b) for the volunteer with the noisy displacement before (with blue
colour) and after outlier removal, as described in Section 4.3.2 (in red colour).
[19], but here each ROI acts as a virtual marker to separate these two motion compo-
nents (abdominal and thoracic). 16 ROIs were selected on the thoracic and abdominal
surfaces for each subject (see Figure 4.6).
(a) (b)
Figure 4.6: Exemplars of depth map images captured by the Microsoft Kinect sensor
with ROIs selected on the thoracic and abdominal surfaces, and numbered, as shown
above, (a) for one of the consistent volunteer and (b) for the volunteer with highest
level of temporal variation.
The mean depth pixel displacement value within each ROI of approximate 9× 8 pixels
(same pixel size as marker-based analysis) was used at each time point for the analysis.
The eight uppermost ROIs were then selected to produce a representative number for
the thoracic displacement component, Ts. This was repeated for the lower eight ROIs
to produce a representative number for the abdominal displacement component, As.
Each ROI consists of X, Y and Z components, wherein X and Y describe the ROI
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center coordinates and Z shows the mean value of each ROI as the distance between
the Microsoft Kinect camera and the chest surface. Figure 4.7 represents the mean
displacement over 300 s for four ROIs specified by blue circles in Figure 4.6. As can be
seen in the example presented in Figure 4.7a, Ts and As are in-phase for the subject
number 15 in Table 4.1 and out-phase (Figure 4.7b) for the subject number 24a.
(a) (b)
Figure 4.7: The displacement from the mean was plotted over 300 s for four ROIs
shown in Figure 4.6 for the subject seen in Figure 4.6a on left and the subject seen in
Figure 4.6b on right. This shows the relative difference in displacement in the thoracic
(ROI1, ROI6) and abdominal (ROI11, ROI16) components.
This group motion can be described by Equations 4.1 and 4.2 for thoracic (Ts) and
abdominal surface (As) respectively:
Ts = [T1, T2, T3, ...., Tt], (4.1)
As = [A1, A2, A3, ...., At], (4.2)
where Tt and At are a column matrix at time t and include the mean depth value at
each time sample, t, of eight ROIs for Ts and eight ROIs for As. PCA was applied
to each of Ts and As. The original data were then reconstructed from the projection
of the data onto the first principal component. Alnowami et al. previously studied
respiratory patterns of markers displacement using PCA analysis [19].
PCA is a method of analysing the (co-) variance within a dataset, in order to un-
derstand the principal axes of variation, PCA produces a set of ordered eigenvalues
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and eigenvectors, which, when summed represent the total variation seen in the orig-
inal data. However, the ordering also allows identification of the dominant modes of
variations with the data.
Results
Figure 4.8 demonstrates that the first principal component that describes more than
98% of data variance in the thoracic and abdominal surfaces for the subject 15, and
more than 98% and 90% of data variance in the thoracic and abdominal surfaces for
the subject number 24a in Table 4.1.
Figure 4.8: Eigenvalues produced from PCA of the Ts and As regions from two vol-
unteers seen in Figure 4.6. This shows that the virtual marker based ROI approach
captures 90% of the motion in first principal component for Ts and As motion respec-
tively.
Using the first eigenvector, the temporal displacement of the projected thoracic surface
was plotted against that of the projected abdominal surface. This can be used to
study the relative displacement between thoracic and abdominal motion and thereby
any temporal drift in this behavior (see Figure 4.9). The colour coding demonstrates
the temporal evolution of the signal for the volunteer # 15, from starting (blue) to
end (red). Figure 4.9a demonstrates that even during very uniform breathing, there
is a significant temporal drift in the amplitude and the relative displacement between
the thoracic and abdominal respiratory components. For the volunteer number 24a
in Table 4.1 clearly very different patterns of breathing are seen at the beginning of
acquisition (blue) compared to the end.
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(a) (b)
Figure 4.9: Projection of data onto the principal component for the Ts and As in 300
s.
4.3.4 Displacement Histogram Analysis
Data analysis
The displacement histogram approach has been used in several studies to analyse the
variabilities of respiratory motion [111][53][65]. For instance, Liu et al. classified 1295
patients respiratory motion into three types [111]. They obtained the respiratory signal
during the Positron Emission Tomography (PET)/CT imaging and then according to
the shape of the displacement histogram they categorised each respiratory signal.
An example of respiratory signals and their equivalent displacement histograms for the
type 1 is shown in Figure 4.10 (top), and type 2 and 3 illustrated in Figure (4.10,
middle) and 4.10 (bottom) respectively. The shape of the displacement histogram for
type 1 shows an underlying pattern of the distribution with a peak on the negative side
(left side) of the histogram. This peak is developed since patients spend more time at
the end of exhalation of their breathing signal. Other studies report this position (end
of exhaling) as a stable position [8], whereby the patient’s breathing tends to return to
nearly same baseline location.
The type 2 displacement histogram has a Gaussian distribution shape shown in Figure
4.10, middle. This could be the result of different end exhale positions during a patient’s
breathing cycle, and/or expiratory phase is essentially identical in duration to the
inspiratory phase. The type 3 displacement histogram has no any obvious shape, so
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it is very difficult to identify any underlying pattern (see Figure 4.10, bottom). The
variability of respiratory motion results in the signal scattered over all histogram bins
for this group type with larger amplitude variability.
The same analysis as described by Liu et al. [111] was performed to categorise the
style of breathing using displacement histogram analysis. In this case, the displacement
histogram was applied to volunteer data obtained using the Kinect sensor, although
the respiratory traces used here were captured using a mean ROI (covering the whole
chest) signal of the Microsoft Kinect sensor and respiratory motion traces were sorted
automatically using clustering algorithm which will be discussed below.
In order to extend Liu’s work, three statistical histogram features were extracted from
histogram distributions that permit automatic histogram classification based on Liu’s
histogram analysis approach, but without need for qualitative human interpretation:
1. A standard deviation of the displacement histogram, σ. A higher σ corresponds
to the distrbution with more variation in the subject breathing.
2. A skewness of displacement histogram is presenting the symmetry or asymmetry
of a distribution of breathing. As shown in Figure 4.11a, positively skewed corre-
sponds to the distribution which lower amplitude values have higher frequencies
compared to the higher amplitude values. This means that the subject has a more
reproducible end-exhale point (the majority of the data occurs at the left side of
the histogram) and the right tail is longer. Oppositely, if higher amplitude values
have higher frequencies, the majority of data is on the right side of the histogram
(longer end-exhale tails), then the distribution is negatively skewed. Symmetric
distribution has a zero skewness value [75]. These are shown in Figure 4.11a.
This index illustrates the level of variation in respiratory motion cycle for each
patient; the most postive values correspond to subjects who are in type 1 group
according to the work in [111]. The skewness of a data points with size n can be
defined as Equation 4.3:
s1 =
1
n
∑n
i=1(xi − x¯)3
(
√
1
n
∑n
i=1(xi − x¯)2)3
; (4.3)
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Figure 4.10: (a) Type 1 respiratory motion and corresponding histogram, has a single
peak on the left side of the histogram. Figure (b) shows an example of type 2 and its
histogram with a Gaussian distribution shape. (c) The type 3 is more irregular as can
be seen in the displacement, has a random histogram shape results of varying inhale
and exhale phase duration. Images are taken from [111].
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(a) (b)
Figure 4.11: (a) Skewness of displacement histogram. (b) Three examplar of Kurtosis.
3. Kurtosis is a forth-order statistical feature denotes the degree of how outlier-
prone a histogram distribution is and defined as Equation 4.4. The kurtosis value
greater than 3 corresponds to a histogram with a sharp peak and more outlier-
prone relative to a normal distribution, called leptokurtic shown in Figure 4.11b.
If the displacement histogram has less degree of peakedness named platykurtic,
the value of this Kurtosis is less than 3. This index value corresponds to the
subject with more regular behaviours and a positive value means that subject
has a more outlier such as cough peaks. The normal distribution has a kurtosis
equal to 3 and accommodates the subject in type 2 class.
k1 =
1
n
∑n
i=1(xi − x¯)4
( 1n
∑n
i=1(xi − x¯)2)2
; (4.4)
where x¯ is the mean of data points.
To illustrate inter-session variations in the external respiratory motion, the histogram
of surface-based displacement was obtained for each subject across three different ses-
sions using the single ROI displacement extracted from Kinect depth data. The three
explained features were determined across these three different sessions to show the
variation in respiratory motion.
Results
Table 4.2 summarises the aforementioned higher order statistical features of the dis-
placement histogram for all volunteers captured for three sessions using the Microsoft
Kinect sensor; including standard deviation (SD), skewness (SK) and Kurtosis (KU).
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Displacement histogram features
Vol. No. SD1 SD2 SD3 SK1 SK2 SK3 KU1 KU2 KU3
1 2.02 1.90 1.57 1.86 0.33 0.23 8.19 2.23 1.63
2 1.35 1.17 1.29 0.55 0.94 0.74 2.75 3.08 3.00
3 0.88 0.94 1.00 0.27 0.80 0.26 1.79 3.34 1.83
4 1.77 1.51 1.45 0.74 0.89 0.71 2.24 2.34 2.17
5 0.85 1.07 0.92 0.36 0.17 0.26 1.95 1.83 1.80
6 2.76 3.08 3.36 0.89 -0.01 0.07 3.85 1.91 1.80
7 1.94 2.21 1.99 0.21 0.07 0.09 1.67 1.66 1.58
8 1.05 0.83 0.97 0.38 0.39 0.50 2.10 1.96 2.04
9 0.78 0.78 0.82 0.31 0.31 0.18 2.27 2.15 1.91
10 0.99 1.00 0.95 0.38 0.60 0.26 1.75 1.96 1.64
11 1.71 1.48 1.72 0.69 0.23 1.13 2.94 2.88 4.63
12 2.76 2.96 2.45 0.30 0.20 0.31 1.85 1.73 1.92
13 1.45 1.18 1.44 0.38 0.07 0.22 2.14 1.81 2.01
14 0.86 2.61 0.81 -0.05 3.94 0.09 2.45 24.54 1.85
15 2.81 2.24 2.73 0.20 0.28 0.25 1.68 1.72 1.72
16 3.23 3.65 2.72 0.10 0.30 0.52 1.83 1.85 2.47
17 1.26 1.50 1.34 0.52 0.34 0.53 2.47 2.00 2.24
18 0.60 1.12 0.66 0.37 0.73 0.68 2.40 3.14 3.43
19 1.49 2.51 1.31 0.07 0.62 -0.02 1.90 2.85 1.70
20 2.49 4.21 2.82 4.92 2.89 4.24 34.11 12.26 27.79
21 1.32 1.25 1.87 0.56 0.36 0.29 2.45 1.90 1.97
22 1.29 0.86 0.87 0.95 0.32 0.55 3.74 2.13 2.66
23 0.99 0.98 0.90 0.06 0.07 0.14 1.98 1.72 1.79
24 1.30 2.27 1.56 1.08 0.80 0.63 3.51 2.76 2.49
24a 3.52 2.78 3.26 0.13 0.03 -0.14 1.85 1.89 1.87
25 3.10 2.74 2.13 0.13 0.11 0.03 2.01 1.77 1.86
26 3.34 3.22 2.48 1.85 2.11 0.95 7.38 8.79 2.90
27 1.36 1.07 1.36 0.88 0.40 0.44 3.42 1.94 2.13
28 1.19 1.08 1.07 0.78 0.33 0.56 3.12 2.49 2.66
29 0.98 1.12 1.08 0.44 0.41 0.39 1.97 2.20 2.10
30 1.51 2.11 2.28 0.54 0.30 0.19 2.74 2.17 1.93
31 1.58 1.29 1.54 0.42 0.70 0.60 1.94 3.10 2.24
Table 4.2: Features such as standard deviation (SD) in mm, skewness (SK), kurtosis
(KU) were extracted from displacement histograms of three sessions.
By going through all 96 histograms of the Kinect captured breathing signals, 32 volun-
teers in 3 sessions, each signal falls into one of three main categories according to the
histogram’s features using K-mean clustering, shown in Figure 4.12.
The type 1, regular respiratory motion displacement covers 70 % of the inspected
respiratory signal in this group as shown in orange. However, 27 % and 3 % of the
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Figure 4.12: Clustering of 32 volunteers breathing datasets according to the histogram’s
features.
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signals were classified in types 2 and 3 (red and blue) respectively. Figure 4.13 presents
the histogram results for the ROI shown in Figure 4.1b for 3 volunteers in 3 different
groups as marked in Figure 4.12.
(a)
(b)
(c)
Figure 4.13: The displacement from the mean histogram over 300 s is obtained for an
ROI is shown in Figure 4.1b for the subject in type 1 in (a) and subjects from type 2
and 3 in (b) and (c).
In the latter type, the respiratory signals have an irregular respiratory motion; this
might be due to a cough. These results might be used to identify subjects who might
benefit from motion compensation methods. The higher SD value of a displacement
histogram shows a more irregular respiratory motion and corresponds to deep breathing
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whereas the SK index characterises the style of breathing for each subject such as a
subject who has consistent exhalation or more uniform inhalation behaviour.
4.3.5 PCA of a Single ROI
The following study represents the first time PCA analysis has been attempted in a
marker-less paradigm to develop a segmentation approach that segments the dominant
region from the whole surface based on motion.
To study the dominant modes of respiratory motion, PCA was undertaken on the
temporal data defined by the aforementioned single ROI to investigate intra/inter-
session changes in the external respiratory motion. This group motion can be described
by Equations 4.5 for the whole surface (Ws):
Ws = [F1, F2, F3, ...., Ftmax], (4.5)
where Ft is a column matrix at time t and includes the depth value of each pixel at
each time sample, t in the selected abdominal-thoracic ROI. PCA is applied to Ws, to
study the dominant mode. However, in this analysis, the number of depth pixels in
each ROI is higher than the number of the time samples, t. To undertake the PCA for
this high dimensional data, the method proposed by Bishop [32] was used here. The
typical use of PCA is computationally impractical for t (3000) depth maps with the
size of Ft (480 x 640), calculating the eigenvectors of Ft x Ft matrix. Performing the
PCA for these data result in at least Ft-t+1 zero eigenvalues, due to eigenvectors of
data with zero variance. To address this issue, the covariance matrix is obtained using
Equations 4.6:
Covariance = (N − 1)−1 ×X ′ ×X, (4.6)
where X is FtÖt matrix of data (Ft dimensions, t time samples). After calculating the
eigenvectors (vi) and eigenvalues (λi) of Covariance matrix, the eigenvectors (ui) in the
original data space, is obtained using Equations 4.7:
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ui = ((N − 1)× λi)−0.5 ×X ′ × vi, (4.7)
Moreover, the effect of the first principal component of data variance is investigated
across all three sessions.
Results
Table 4.3 summaries the PCA analysis performed for the complete volunteer cohort
across three sessions, demonstrating that this approach robustly separates the two main
components seen in external respiratory motion. Two particular cases were selected,
volunteers (#15 and #24a) and their eigenvalues over three sessions are shown in Figure
4.14. Furthermore, Figure 4.15 illustrates the first two principal components images
for those two volunteers, while each row represents first, second and third sessions
PCA results (eigenimages). The first principal component in Figure 4.15 illustrates
the ensemble motion of the entire chest surface and the second principal component
showing the relative variation of the abdominal/thoracic motion component. The first
principal component image is used subsequently to undertake further analysis.
(a) (b)
Figure 4.14: The change in the eigenvalues over 3 sessions for these 2 individuals (#15
and #24a) is shown in (a) and (b).
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Vol.
No. EV1 S1 EV2 S1 EV3 S1 EV1 S2 EV2 S2 EV3 S2 EV1 S3 EV2 S3 EV3 S3
1 71.70 10.17 0.73 72.33 9.26 1.75 67.70 4.44 1.59
2 51.33 11.33 3.54 55.79 6.91 1.76 55.25 12.88 1.14
3 57.60 1.45 1.16 47.36 4.95 1.37 56.43 1.34 0.98
4 82.59 1.11 0.95 81.90 0.72 0.55 69.45 3.14 2.16
5 46.69 11.46 2.25 59.58 3.33 2.69 58.53 2.95 1.35
6 61.87 27.66 1.76 92.42 1.77 0.55 92.94 1.03 0.47
7 74.09 7.45 2.05 79.27 5.42 1.26 59.70 3.40 2.68
8 54.40 6.10 2.96 46.92 4.11 1.05 47.00 9.94 1.17
9 50.84 3.88 1.11 46.44 5.31 2.71 59.58 3.68 0.89
10 48.09 11.03 1.75 60.78 1.77 0.70 53.09 2.88 1.12
11 69.70 7.16 1.77 60.07 7.63 3.84 71.42 7.11 1.33
12 89.63 1.41 0.24 89.46 1.68 0.52 86.40 0.94 0.41
13 63.92 9.86 0.70 50.89 8.01 3.35 60.59 9.42 3.63
14 36.35 23.49 2.93 80.27 6.12 1.31 42.08 4.44 1.08
15 80.61 7.98 0.53 76.54 7.14 0.66 80.10 6.21 2.00
16 87.94 4.44 0.41 82.09 11.35 0.53 84.90 4.18 0.44
17 54.20 10.71 1.33 58.35 18.84 1.34 54.62 15.31 3.38
18 30.08 4.98 1.45 43.33 10.27 7.13 12.69 5.39 3.41
19 66.01 7.72 1.37 72.34 13.55 1.12 65.84 1.67 0.58
20 75.92 10.83 0.89 82.56 9.70 1.64 82.79 4.71 1.14
21 62.70 3.69 0.84 62.25 3.03 1.62 73.39 6.23 1.03
22 58.57 13.17 1.59 54.18 3.11 1.13 55.34 1.34 0.89
23 48.60 14.01 1.69 54.46 2.73 1.57 53.33 1.52 1.18
24 52.48 17.23 1.52 66.12 16.45 3.18 56.92 14.20 6.98
24a 69.10 21.75 3.04 70.56 20.19 2.23 58.54 32.07 3.72
25 85.29 8.58 0.43 84.09 6.21 0.93 69.67 13.82 1.89
26 91.49 1.66 1.45 75.70 17.76 1.17 86.98 2.94 0.87
27 62.03 10.65 1.50 56.82 5.24 0.87 63.43 4.69 0.87
28 59.55 2.25 1.53 45.54 9.54 4.26 51.63 3.82 1.20
29 61.38 1.16 0.88 64.13 3.61 0.76 56.80 5.41 2.33
30 69.51 6.11 1.67 66.08 18.68 1.27 68.95 14.87 3.33
31 82.88 0.64 0.38 77.08 0.96 0.50 81.25 0.62 0.55
Table 4.3: PCA analysis performed for the entire volunteer cohort, where EV i Sj
denotes the percentage variation captured by the ith eigen component across each
session, j. In this table, only the first three eigenvalues are presented (i=3) for three
sessions (j=1, 2, 3). The first principal component captures the ensemble motion of
the entire chest surface, while the second principal component represents secondary
motion, showing the variation of the dominant abdominal/thoracic motion component.
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(a) (b)
Figure 4.15: (a) and (b) show the first two eigenimages for those two volunteers demon-
strating change in the abdominal and thoracic components.
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4.3.6 First Principal Component Image Segmentation
In order to test this hypothesis that the principal components show the relative variation
in the abdominal/thoracic motion component across the volunteer cohort, the first
principal component image was used to segment the dominant source of respiratory
motion.
Figure 4.16 presents the overall framework of automatic ROI investigation. The his-
togram of the first principal component was obtained. By thresholding that histogram,
the external depth images were then segmented for categorising the dominant mode of
breathing. Displacements in both regions were obtained and compared to identify the
dominant ROI (a region with the highest amplitude was selected as a dominant ROI).
This is in contrast to the use of the whole external motion, or a marker or ROI-based
signal.
Eigenimage-based segmentation was used as a region of interest on the chest surface.
For each respiratory motion trace, the first 20 s of data were discarded to allow the
normal respiratory motion to be re-established after the subject had been positioned.
Parameters such as amplitude, period, end exhale phase, mean location of end exhale
phase and maximum upward/downward drift were derived for each particular volun-
teer’s respiratory motion (see Figure 4.17).
Figure 4.16: The overall framework to categorise the dominant mode of breathing from
the Microsoft Kinect depth map.
Parameters such as amplitude (A), period (τ), end exhale phase, mean location of
end exhale phase, and maximum upward/downward drift were obtained from each
respiratory motion trace of each volunteer. Moreover, numerous studies have shown
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the inconsistency of these parameters within and between sessions. Analysis of the
standard deviation, σ of all parameters over three sessions defines the inter-fraction
variation and over each session can be interpreted as the intra-fraction variation. In
this analysis, the variation of the frequency vs. amplitude was also considered across
all volunteers via a 10 phase binned average cycle, as commonly applied for 4D CT
[146].
Further details of data analysis can be found in Appendix C, where Tables C.1, C.2,
C.3 and C.4 summarise parameters of analysis for all volunteers scanned for three
sessions using the Microsoft Kinect sensor; amplitude (A), period (τ), end exhale and
their statistics such as mean (µ), standard deviation (σ), entropy (η) and maximum
upward/downward drift (UPMax/DWMax).
4.3.7 Analysing the Intra-/inter-session Variation
For tumours in the thoracic and abdominal regions, the respiratory motion causes
problems during EBRT. This motion can move tumours in these areas by approximately
3 cm and introduces uncertainty in RT delivery. Moreover, respiration may change
between different fractions and also during a fraction of RT, inducing error in the
considered treatment margin. This may then increase the undesired dose to healthy
tissues and reduce dose delivery to the tumour. This study aims to investigate the
intra/inter variation of respiratory motion over time, to do so external respiratory
motion was captured for a cohort of 32 volunteers using the Microsoft Kinect on three
separate occasions. Several analyses were then undertaken to study the dominant mode
of breathing. For intra/inter volunteers variation of respiratory motion, some features
were extracted from signals across different sessions to investigate changes over time
(respiratory motion) as well as quantifying a measure of similarity between volunteers.
Given that respiratory motion is constrained by the physical extent of the diaphragm
and the associated musculoskeletal articulation, it seems likely that fundamental un-
derlying relationships exist, although there is scant quantitative literature on this.
The extracted features from respiratory motion can be presented in a time series as
P = [P1, P2, ..., Pn]; Where n corresponds to the index of breathing period. Entropy
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Figure 4.17: The amplitude (A), period (τ), mean end exhale displacement (µEx)
and Maximum upward/downward drift (UPMax/DWMax) were extracted from raw
respiratory data.
was employed as a statistical measure in this study to represent the irregularity of
respiratory patterns, formulated as Equation 4.8.
η(X) = −
∑
i
P(xi) logb P(xi), (4.8)
where P(xi) is the probability of the value of Pi from the estimated PDF of samples, b
is the base of the logarithm equal to e-number or 2.71828. The lower entropy represents
that the respiratory patterns are more consistent across breathing signal whereas the
higher value shows that the pattern was more irregular and varying considerably across
periods. For each extracted feature from the respiratory trace, three statistical measures
including mean, standard deviation and entropy were obtained.
Table 4.4 summarises mean and standard deviation of both σ and η of all parameters
(A, τ and Ex) across three sessions for all volunteers scanned; The maximum σ for A,
τ belongs to volunteer # 26. The most consistent is volunteer 15 with minimal σ and
η for µEx parameter across three sessions and all volunteers.
Moreover, box and whisker plots were used to examine amplitude/phase variations in a
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Vol. Intra/inter-session study
No. µσ σσ µη ση µσ σσ µη ση µσ σσ µη ση
A1-3 A1-3 A1-3 A1-3 τ1− 3 τ1− 3 τ1− 3 τ1− 3 Ex1-3 Ex1-3 Ex1-3 Ex1-3
1 1.2 0.6 0.21 0.11 1.08 0.38 0.24 0.17 0.42 0.38 0.26 0.02
2 1.04 0.15 0.28 0.1 1.47 0.78 0.29 0.12 0.37 0.08 0.32 0.04
3 0.51 0.05 0.31 0.08 1.15 0.32 0.21 0.19 0.22 0.17 0.27 0.15
4 1.93 1.42 0.13 0.12 1.08 0.26 0.16 0.15 0.31 0.22 0.11 0.04
5 0.56 0.22 0.27 0.13 0.62 0.36 0.29 0.03 0.35 0.21 0.3 0.17
6 3.45 1.17 0.15 0.11 2.51 1.11 0.03 0.04 1.26 0.54 0.07 0.1
7 1.01 0.53 -0.01 0.05 2.45 0.32 -0.01 0.1 0.47 0.34 0.15 0.06
8 0.52 0.1 0.33 0.12 0.87 0.07 0.21 0.06 0.28 0.01 0.32 0.13
9 0.71 0.21 0.43 0.09 0.66 0.05 0.68 0.1 0.2 0.03 0.45 0.04
10 0.36 0.17 0.23 0.09 1.11 0.21 0.32 0.07 0.22 0.18 0.38 0.19
11 1.35 0.42 0.42 0.18 1.33 0.38 0.41 0.28 0.94 0.12 0.43 0.13
12 1.55 0.26 0.23 0.12 1.47 1.14 0.09 0.11 0.61 0.1 -0.01 0.11
13 0.7 0.25 0.16 0.21 1.83 1.07 0.27 0.06 0.67 0.24 0.36 0.08
14 2.28 3.19 0.36 0.27 1.83 2.68 0.14 0.17 0.72 0.24 0.34 0.09
15 1.05 0.31 0.2 0.11 1.3 0.78 0.13 0.06 0.41 0.33 -0.06 0.01
16 2.67 0.56 0.1 0.08 2.33 1.12 0.1 0.18 0.77 0.25 0.08 0.07
17 0.94 0.15 0.3 0.06 1.33 0.78 0.24 0.02 0.59 0.56 0.28 0.06
18 0.51 0.27 0.53 0.17 0.92 0.76 0.54 0.09 0.19 0.05 0.39 0.12
19 1.01 0.71 0.14 0.2 1.3 1.46 0.28 0.06 0.76 0.41 0.15 0.03
20 4.73 1.82 0.51 0.1 4.14 0.81 0.51 0.11 0.59 0.47 0.28 0.06
21 1.21 0.31 0.28 0.05 1.43 0.24 0.16 0.09 0.28 0.09 0.19 0.08
22 0.96 0.26 0.33 0.12 0.63 0.2 0.36 0.07 0.66 0.58 0.46 0.22
23 0.36 0.11 0.31 0.08 0.5 0.19 0.36 0.1 0.4 0.3 0.45 0.14
24 2.46 0.78 0.27 0.2 3.55 0.36 0.3 0.05 0.54 0.15 0.25 0.09
24a 3.97 5.23 0.11 0.11 1.5 1.19 0.16 0.08 3.81 4.56 0.15 0.1
25 1.63 0.81 0.14 0.03 1.09 0.48 0.1 0.07 1 0.65 0.14 0.07
26 5.71 3.45 0.07 0.07 5.1 1.92 -0.01 0.06 2.76 2.6 0.17 0.13
27 1.07 0.52 0.28 0.09 1.5 0.66 0.19 0.09 0.37 0.29 0.23 0.14
28 0.73 0.23 0.24 0.07 1.04 0.34 0.33 0.13 0.3 0.1 0.19 0.09
29 1.01 0.21 0.3 0.05 0.69 0.28 0.24 0.14 0.25 0.04 0.37 0.11
30 1.27 0.59 0.32 0.18 1.24 0.17 0.17 0.08 0.81 0.25 0.32 0.1
31 1.96 0.24 0.44 0.06 1.36 0.93 0.16 0.13 0.54 0.32 0.26 0.06
(Max,Min) (27,10) (25,3) (18,7) (14,26) (27,23) (14,9) (9,7) (11,17) (28,18) (25,8) (22,15) (22,15)
Table 4.4: Mean and standard deviation of both σ and η of all parameters (A, τ and
Ex) were calculated across three sessions for all volunteers, representing the intra-
/inter-session variation of these parameters. Max and Min show the inconsistent and
consistent volunteer’s number for each parameter.
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10 phase average cycle. Figure 4.18 shows the variation of amplitude/phase for one of
the consistent and an inconsistent volunteer which suggests that the level of variation
within each phase may be related to the average depth of respiration. The results of
all volunteers is presented in Figure 4.19.
Figure 4.18: Binned into 10 phases as commonly used in dynamic CT shows the varia-
tion across each bin for one of the consistent volunteer (volunteer 18) and an inconsistent
volunteer (volunteer 24a) with maximum amplitude variation.
Figure 4.20 shows the frequency vs. amplitude across all volunteers during three ses-
sions. As can be seen, there appears to be a pseudo-negative exponential relationship
between frequency and amplitude with identical behaviour clustered within the graph.
These allow one to find the extreme consistent/inconsistent volunteers. Features σA,
στ can be used as metrics for average cycle re-binning. As shown here, using Microsoft
Kinect allows one to obtain a richer understanding of the dominant modes of motion
compared to a simple 1D respiratory motion trace.
4.4 Summary and Conclusion
External surface respiratory motion was captured using the Microsoft Kinect for Win-
dows of a set of healthy volunteers including 25 males and seven females. Such motion
was obtained on three separate occasions for each subject. This imaging method is
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Figure 4.19: The difference between maximum upward drift and maximum downward
drift is plotted vs. mean amplitude across all volunteers during three sessions.
Figure 4.20: Plot of respiratory frequency vs. peak to peak amplitude, shows there
is an exponential decay relationship between frequency and peak to peak amplitude
where particular individuals are clustered around the fitted curve.
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non-invasive, and there is no marker placement required. All volunteer images were
registered to a common reference using a 2D affine transformation so that inter- and
intra-session analysis could be completed, then PCA was applied to an ROI encom-
passing the entire anterior surface. Results demonstrate various styles of breathing
using two eigenvectors for thoracic and the abdominal surfaces. The dominant mode
of breathing was obtained using the first Eigenimage of the depth displacement across
the chest. Then statistical characteristics of this motion have been achieved for each
individual including amplitude (A), period (τ), mean location of end exhale phase
(µEx), as well as baseline drift and duty cycle. This can be represented by binning
the data into 10 phases as commonly used in dynamic CT. One subject presented with
the most consistent breathing style where the first and second eigenvectors were in
the same direction. Across all of the subjects used in this study 26.1% demonstrate
mostly abdominal breathing, 6.2% exhibit thoracic dominated breathing and 67.7%
shows similar variation on both regions. The inherent characteristics of breathing for
these people may not model the typical pattern in patient datasets. The majority of
the volunteers who participated in this study were male (77.41%), consequently, any
subtle gender comparisons in respiration is difficult due to the statistical variations that
may be expected with limited numbers of (female) volunteers.
Moreover, these torso surface-based measurements may increase the accuracy of a cor-
relation model where the internal target position is inferred using the external surrogate
motion. An apparent intrinsic relationship was observed between respiratory frequency
and respiratory amplitude. Inter- and intra-subject variability of these parametrises
presented.
Chapter 5
Applications of Microsoft Kinect
Technology in External Beam
Radiotherapy
5.1 Introduction
Breast cancer is the most common cancer in women in the UK [152]. In 2011, around
350 British men were also diagnosed with breast cancer. In 2012 in the UK, approxi-
mately 11 600 women and 75 men died from this type of cancer. Fortunately, survival
rates have been increasing, 4/10 survival rate for at least ten years in 1970 were im-
proving to 8 women in 10 in 2011.
The main therapies for breast cancer are surgery, chemotherapy, radiotherapy (RT),
hormone therapy and biological treatments. Depending on the type, size and stage of
cancer, patients may be treated with a combination of these treatments. The most com-
mon treatment for breast cancer is surgery, which can include mastectomy, lumpectomy
(wide local excision) and quadrantectomy. In mastectomy surgery, the whole breast is
removed while in lumpectomy the cancerous tumour with a boundary of normal tissue
is removed. A quarter of the breast is taken out in quadrantectomy surgery treatment.
Selecting the appropriate kind of surgery is based on the size of cancerous tissues and
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breast as well as the cancer grade. In the latter two breast-conserving types of surgery,
to make sure that the cancer has not been retained and spread to the rest of the breast,
chemo-and/or RT may be prescribed for some fractions, series of treatment sessions,
after surgery.
5.1.1 Motivation
Despite high incidence rate of breast cancer (more than 40 000 [170] new cases are
recognised each year) in the UK, the 5-year survival rate is currently 69%. This shows
that the high survival rate has a strong correlation with not only earlier diagnosis from
national screening but also with the improvement in treatment approaches.
Several trials have suggested that hypofractionation is an effective approach for breast
cancer radiotherapy. These trials include the START pilot, Ontario, START-A, START-
B, FAST, RAPID and FAST Forward trials. A summary of these hypofractionation
trials can be found in [150]. In START-A, in which 2236 patients were studied, a reg-
imen of 50 Gy (comprised of 25 fractions over 5 weeks) was compared with 39 Gy or
41.6 Gy in 13 fractions over 5 weeks. Similarly, in START-B, in which 2215 patients
were studied, a regimen of 50 Gy was compared with 40 Gy in 15 fractions over 3 weeks.
The results of these START trials suggest that the use of 40 Gy in 15 fractions should
be employed as the UK standard, due to the safety and effectiveness of this regimen
[70].
Since 2011, the FAST Forward trial has been running, in which 4000 patients have
enrolled. This trial compares the use of 40 Gy in 15 fractions over 3 weeks, against two
accelerated hypofractionation schemes of 26 and 27 Gy in five fractions over 5 days.
This trial examines the safety and effectiveness of a five fraction schedule delivered in
a single week, against the current UK standard 15 fraction regimen [150]. The results
of this trial have not yet been released.
One of the key concerns to improve the effect of such treatment is patient repositioning
and alignment to ensure optimal therapeutic dose delivery to the target site.
Patient set-up misalignment, along with respiratory motion or an involuntary move-
ment potentially decreases the therapeutic benefit of EBRT treatment. This treatment
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potentially results in an unwanted dose to healthy tissue and organs at risk such as
heart [137]. It is estimated that more than 60% of the 252 known deaths are non-
breast cancer-related compared to breast cancer recurrence [40].
To increase numbers of survivors and reduce non-breast cancer related deaths; it is
crucial to decrease the error in patient set-up within treatment and to manage respi-
ratory motion to minimise irradiating the unwanted dose to the organs at risk. To
enhance the safety of the dose delivery, Image Guided Radiotherapy (IGRT) has been
developed, which obtains repeated scans before and during RT treatment [123] [47]. In
doing so, imaging such as Computed Tomography (CT), Magnetic Resonance Imaging
(MRI), Ultrasound and X-ray may be acquired for IGRT. However, these imaging sys-
tems produce an extra dose to both patient and radiographers; therefore alternative
non-ionising imaging techniques for patient monitoring are desired.
For patients with breast cancer, RT increases unplanned cardiac and Left Anterior
Descending (LAD) coronary artery irradiation. Deep Inspiration Breath Hold (DIBH)
protocol is applied clinically to enlarge the distance between breast and heart, and
the dose is delivered in multiple DIBHs in each fraction. The HeartSpare study [25]
has shown that DIBH decreases unwanted dose in cardiac and pulmonary organs for
patients in a supine position during the standard whole breast RT without compromis-
ing the therapeutic benefits. Many methods are available for monitoring DIBH level,
and the key issue is the selection of the most suitable method. Moreover, multiple
DIBHs are needed for dose delivery in each fraction which makes intra/inter-fraction
reproducibility of DIBHs vital.
5.1.2 Current Approaches
For internal respiratory motion management, DIBH [69] is used as an effective technique
to ensure internal alignment of the target volume with the Planning Target Volume
(PTV). Also, the conventional approach to undertaking external surface positioning
(for the abdominal-thoracic patient) is through the use of lasers with reference skin
marks (tattoos) alignment. Such motion management can reduce normal tissue doses
especially for breast and lung RT. However, there are many different techniques to
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extract the dynamic respiratory signal and a typical maximum inspiration breath hold
level (monitor the stability and reproducibility of DIBHs) through RT treatments.
Table 5.1 summarises the most common techniques which are used clinically or research
for intra-fraction motion monitoring and set-up.
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Thus, patient set-up and respiratory motion (DIBHs monitoring) are currently managed
using separate approaches, which are time-consuming.
Marker-based camera systems, such as the Real-time Position Management (RPM)1
system, are commonly used based on tracking a limited number of Infrared (IR) markers
located on the external patient body surface for motion monitoring and DIBHs tracking.
In the sensor/marker-based cases, the number of markers used is limited (or in sensor-
based method respiratory motion is captured as a function of other quantities such as a
volume of inspired and expired air). Thus, changes in patient shape during treatment
are rarely considered, which may be a further source of errors.
In order to monitor DIBH, video-based techniques employ lasers and light fields to
capture the external surface. In this technique, the radiographers can observe the
entire outer surface dynamically through a CCTV camera and ensure that the patient
produces the same DIBH which is within the range (reproducible) during the RT [25].
However, if these marker/video-based methods are becoming used for example in Vol-
umetric Modulated Arc Therapy (VMAT) treatment 2, there is a potential for these
points to be occluded from view while the gantry moves around the patient. To over-
come these issues, Range Imaging (RI) techniques have become popular due to the
recent technical development of the RI sensor technology.
5.1.3 RI and Applications in EBRT
The reason for the increases in popularity of RI devices for RT is their non-ionising
and non-invasive nature, while they also provide marker-less, low-cost patient align-
ment and monitoring approaches. Various RI technologies have been considered for
these applications such as active stereo vision [1][161], Time-Of-Flight (TOF) [159][68],
structured light and light sectioning [27][109][34][60][26]. Table 5.2 presents a number of
studies proposing to apply RI techniques for precise patient alignment and respiratory
motion monitoring.
1RPM system, Varian Medical Systems, Inc., Palo Alto, CA.
2VMAT is one of the standard treatments for breast RT; the radiation is delivered while a gantry
moves around the patient in an arc [136].
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5.1.4 Applications of Microsoft Kinect in EBRT
This chapter considers the hypothesis of whether a low-cost 3D depth camera, such
as Microsoft Kinect, might be used as a marker-less single system solution to both
these aspects of external alignment and internal motion management, as a method to
speed up these processes. Apart from removing the need for markers, which brings
potential benefits for throughput during the fractional RT, any depth-camera approach
represents a surface-based, rather than limited point-based approach, which may also
provide enhanced performance at a lower cost. Although other competitors products
are available [6][7][5], in this study, the Microsoft Kinect for Windows is used as an
example of a low-cost 3D depth camera tested in clinical settings on a phantom, and
in a healthy volunteers study.
The purposes of this study are: (1) evaluation of clinical performance of the Microsoft
Kinect system for patient set-up, for left-sided breast cancer EBRT; (2) comparison of
the conventional set-up method (lasers and skin marks) and setup with the Microsoft
Kinect imaging system; (3) investigation of capturing external respiratory motion and
inspired breath hold level. To achieve the aforementioned aims, a study using a group
of six healthy female volunteers was undertaken. The Microsoft Kinect marker-less
3D depth camera was deployed in a clinical RT settings, then compared with conven-
tional methods for patient positioning based on laser alignment and respiratory motion
management using the RPM system.
5.1.5 Structure of the Chapter
The remainder of this chapter is divided into two main studies: phantom and volunteers.
The first study starts with a phantom study (Section 5.2) where a phantom was used
to produce ground truth data for comparison. This study compares a standard clinical
monitoring system such as the RPM system and the Microsoft Kinect surface based
system with a respiratory phantom. The aim is to evaluate whether the Microsoft
Kinect system could improve monitoring and patient set-up during RT. Section 5.3
describes a volunteer study which is divided into two applications of Microsoft Kinect:
set-up of the subject and monitoring their motion.
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5.2 Phantom Study
In this experiment, the performance of the RPM system was compared with Microsoft
Kinect using a respiratory motion phantom. The phantom was moved according to
simulated respiratory motion, which was captured by both the RPM and the Microsoft
Kinect sensor. The RPM is a marker-based system commonly used for motion moni-
toring and DIBH tracking and was preferred as this acquisition allowed known ground
truth phantom displacement to be compared with both marker-based and markerless
methods.
5.2.1 Motivation
To assess the recorded motion by the Microsoft Kinect vs. the RPM system, the
Computerized Imaging Reference Systems (CIRS)3 phantom was used to provide a
known reproducible ground truth. The overall dimensions of this phantom are 67 ×
32× 28 cm, which represents an average human thorax morphology.
Figure 5.1 shows the phantom, a lung equivalent rod with a spherical target. Different
radioisotopes can be injected into small compartments in this target and moved by a
motion actuator box to provide 3D tumor motion. The maximum amplitudes of the
target motion are ±25 mm for Superior/Inferior (SI) and Left/Right (LR), and ±10 mm
for Anterior/Posterior (AP) direction. Moreover, this phantom can induce a surrogate
motion simulating the chest wall with an amplitude of ±25 mm. The CIRS motion
control software system can manage both target and surrogate motions; thus, it can be
adjusted to have various cycle times and different waveforms such as sine, sawtooth,
sharkfin and cosine waves. Alternatively, patient/volunteer’s respiratory motion can
be transferred to motion control software to induce that kind of motion. By doing so,
this instrument can be used for calibration of the image acquisition systems as well as
for investigation planning and dose delivery.
3CIRS dynamic thorax phantom model 008A, Inc., Norfolk, VA, USA [4].
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Figure 5.1: A lung equivalent rod of CIRS dynamic thorax phantom model 008A, which
includes a spherical target. Picture is taken from [4].
5.2.2 Experimental Arrangement
Figure 5.2 presents the experimental arrangement where the CIRS respiratory motion
phantom is used to create regular respiratory-like motion with known amplitude and
phase. This phantom was set to have sinusoidal waveform, 15 Breaths Per Minute
(BPM) and an amplitude of 1 cm in the AP direction. These parameter values were
preferred to simulate regular patient breathing. The CIRS phantom has a motion
accuracy of ±0.1 mm [4].
The RPM marker block was placed on the phantom surface where simulating surrogate
chest motion. Respiratory motion was captured simultaneously using the RPM system
and the Microsoft Kinect sensor. The RPM and the Microsoft Kinect frame rates were
25 and 30 Frames Per Second (FPS), respectively. Therefore, to align the two temporal
signals, the Microsoft Kinect depth images were resampled with the lower sampling
rate of RPM (25 FPS) using linear interpolation to assess the performance of RPM
versus Microsoft Kinect.
The performance of the Microsoft Kinect and the RPM systems can be compared via
the programmed phantom motion. To convert the in-plane motion seen in the depth
images to vertical mm displacement, the angle of the principal axis of the camera, θ, is
needed. In order to estimate the true absolute phantom motion seen by the Microsoft
Kinect, it is necessary to calculate the camera angle with respect to the axis of motion
produced by the phantom.
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(a)
(b)
Figure 5.2: (a) Schematic diagram of a CIRS phantom experiment on CT couch where
the respiratory motion can be monitored using the RPM and the Microsoft Kinect
camera. (b) An example of a depth image of the corresponding experiment. The white
square highlights the RPM marker box while the yellow square defines the rectangular
platform mount. The colour bar shows depth coded in mm.
To estimate the camera angle, θ, corners of the mounting box shown in yellow in Figure
5.2b, were tracked using manual annotation across a set of frames from the programmed
”inhale” to ”exhale” positions. Using the intrinsic camera properties of the Microsoft
Kinect [128] the depth data at the extreme positions of ”inhale” and ”exhale” produced
by the phantom motion were converted to point cloud representations. This conversion
gives absolute distances and displacements at any desired orientation. The ratio of
the displacement seen in the point cloud representation, Dpc, to the projected distance
seen in the depth image, Ddi, is simply the inverse cosine of the Microsoft Kinect
camera angle (Figure 5.3). Using this knowledge, all depth data were then subsequently
transformed in order to compare the known phantom motion with that observed in
the projected depth images produced by the Microsoft Kinect. Figure 5.3 shows the
simplified diagram which was used to obtain the angle of θ.
5.2.3 Results
Respiratory motion signals for the phantom (considered to be ground truth), RPM
and Microsoft Kinect are plotted in Figure 5.4. The 1D Microsoft Kinect signal was
obtained by capturing the mean depth value of the pixels in an ROI. As can be seen
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Figure 5.3: The Schematic of geometry to measure camera angle in order to convert
in-plane motion seen in the depth images, Ddi, to vertical mm displacement, Dpc.
qualitatively, both systems track the ground truth phantom displacement adequately.
Figure 5.4: Plot of CIRS phantom motion, alongside recorded signals from Microsoft
Kinect and RPM systems. For clarity of illustration, only 20% of the actual data
samples from the Microsoft Kinect and the RPM are presented here to show exemplar
agreement between RPM, Microsoft Kinect and known phantom motion.
However in both systems, the Microsoft Kinect and RPM, there is an error between the
measured displacement and the true value (CIRS phantom displacement). To estimate
the accuracy and precision of both systems under dynamic conditions, the mean and
standard deviation of the measured peak amplitudes were calculated over 15 cycles,
indicating the accuracy and precision of each system respectively and presented in
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Systems µ PA (mm) σ PA (mm) Estimated error (mm)
Microsoft Kinect 9.91 0.07 0.08
RPM 9.88 0.01 0.11
Table 5.3: The accuracy, mean value (µ) of the Peak Amplitudes (PA), the precision
(variation resulting between consecutive measurements), σ, and estimated error for the
peak amplitudes for Microsoft Kinect and RPM measurements.
Table 5.3.
To better quantify the difference in performance between the RPM and Microsoft
Kinect systems, the difference between the known phantom displacement, considered
as ground truth, is compared to displacements recorded by the Microsoft Kinect and
the RPM systems using the data plotted in Figure 5.4. The histogram of difference
errors for the Microsoft Kinect and the RPM systems are thus shown in Figure 5.5,
representing the distribution of errors in both systems, this time calculated over the
entire respiratory cycle, rather just peak amplitude. As can be seen in Figure 5.5a,
the histogram of Microsoft Kinect errors is centred over zero and the precision as rep-
resented by the standard deviation, σ, is 0.22 mm while the histogram of RPM errors
(shown in Figure 5.5b) has two peaks.
To investigate this bimodal distribution in Figure 5.5b, the RPM and Microsoft Kinect
temporal data were classified into three components representing maximum inhale,
maximum exhale and a transition phase. These phases were defined with reference to
Figure 5.4, whereby the transition region is represented as any displacement between
±2 mm either side of zero displacement, and the maximum inhale (exhale) is defined
as any displacement >2 mm (<-2 mm). This showed that these two peaks tend to
correspond to the transition area of the RPM signal, but overall the RPM system
appears to demonstrate slightly better intrinsic repeatability (less random outlier noise)
compared to the Microsoft Kinect system. However, the error histogram of Microsoft
Kinect shows that the level of accuracy and the precision are sufficient for measuring
set-up and DIBH variations seen in EBRT.
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Figure 5.5: (a) Plot of error histogram of the Microsoft Kinect indicating better accu-
racy than the RPM. (b) Shows the error histogram of the RPM with better precision
than the Microsoft Kinect.
5.2.4 Discussion
Results show that the Microsoft Kinect unit can track the simulated respiratory mo-
tion of the phantom with an accuracy of 0.08 mm and reproducibility of 0.07 mm. This
accuracy level is adequate for both the patient alignment and DIBH observation, con-
sidering that from free breathing to the DIBH the external anterior surface moves
approximately 4 cm. Results suggest that Microsoft Kinect can produce comparable
respiratory motion when compared to the popular RPM system.
5.3 Clinical Evaluation with Healthy Female Volunteers
5.3.1 Motivation
Having considered the Microsoft Kinect camera performance under dynamic controlled
conditions using a phantom, the use of this sensor was studied in a more realistic clin-
ical setting with human subjects. In doing so, a standard clinical protocol was used to
set up a cohort of six healthy volunteers as if undertaking five sessions or ’treatment
fractions’ of EBRT to simulate patients with left-sided breast cancer to assess the re-
producibility of patient positioning and DIBH methods. Written informed consent was
acquired for each volunteer before the study. The left-sided breast cancer was preferred
as an exemplar radiotherapy application that uses both precise external set-up align-
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ment, and respiratory control such as DIBH, the latter having been shown to reduce
dose to the heart by 50% [25]. However, there are many other potential applications
that require both precise set-up and alignment, and respiratory motion management
including treatment for lung, kidney, liver cancers and for frame-less Stereotactic Ra-
diosurgery (SRS) [105].
In this study, separate simulated treatment set-ups, were compared for each subject,
undertaken using conventional laser-based alignment and with intrinsic depth images
produced by the Microsoft Kinect sensor.
Moreover, this sensor was also compared with the well-known RPM system for respira-
tory motion management in terms of monitoring free-breathing and DIBH. Figure 5.6
illustrates the overall framework for this study where first, the volunteer’s alignment
using the conventional method is compared with the Microsoft Kinect setup. This is
followed by respiratory motion monitoring (normal and DIBH) using both the RPM
and the Microsoft Kinect sensor simultaneously.
Figure 5.6: The overall framework of this study. BH stands for Breath Hold.
5.3.2 Experimental Arrangement
The Microsoft Kinect unit was located above the patient couch (see Figures 5.7a and
5.7b) where the distance between the couch surface and the camera was approximately
80-90 cm to minimise the Microsoft Kinect error.
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Figure 5.7: (a) An example of a volunteer in the supine position, where the volunteer
was aligned using the clinical laser alignment system, and respiratory motion was mon-
itored using the RPM marker box, shown in the yellow circle. The external motion of
the chest surface was also captured using the Microsoft Kinect sensor (green box). in
RT suite. (b) The same experiment on CT planning facility where Microsoft Kinect
is shown in a yellow box, the RPM and its box highlighted with the red circles. (c)
An exemplar depth image produced by the Microsoft Kinect sensor where pixels are
colour-coded (see colour bar, in mm using the intrinsic camera calibration) according
to the distance from the Microsoft Kinect camera. The white rectangle defines an ROI
used for breast setup analysis while the black rectangles define the six ROIs used for
respiratory motion analysis. The RPM marker box is shown in 5.7c between ROI1 and
ROI2.
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5.3.3 Volunteer Preparation
A group of six healthy female volunteers were recruited as summarised in Table 5.4.
Volunteer # Age (year) Weight (Kg) Sessions Positioned on
1 25 56 5 CT couch
2 27 51 5 CT couch
3 24 59 10 RT couch
4 34 54 5 CT couch
5 45 58 5 CT couch
6 26 45 5 CT couch
Table 5.4: Healthy female volunteers characteristics. The CT couch is preferred due
to the limited availability of RT couch. Subjects were positioned in similar method on
both couches.
Each volunteer was set-up and aligned by experienced clinical staff as if preparing for
left-sided breast cancer EBRT. The distance between the external volunteer surface
and the Microsoft Kinect camera was approximately ∼ 110 cm. Clinical staff placed
each volunteer in the supine position in a BreastSTEP [3] alignment and positioning
system where the subject’s arms and wrist were supported on a breast board as used
for treatment (see Figure 5.7b).
Three temporary tattoo marks were made on the volunteer’s skin for alignment purposes
similar in the location, shape and size as tattoos used in clinical practice. These were
used to align the subject for subsequent sessions or ’fractions’ using static lasers. The
RPM marker box was also attached to the subject during each session. Once aligned,
anterior external surface depth maps were acquired using the Microsoft Kinect unit.
5.3.4 Data Acquisition with Healthy Volunteers
In order to simulate the set-up process for five independent treatment sessions or ’frac-
tions’, each subject dismounted from the treatment couch, before then sitting back
on the couch for the next session. Each session repositioned the subject via the skin
markers and the static lasers using experienced clinical staff. The RPM box was also
reattached at the beginning of each session. Once aligned, the subject was requested
to breathe freely. Then under clinical instruction subjects were required to inhale to a
110 Chapter 5. Applications of Microsoft Kinect Technology in External Beam
Radiotherapy
pre-determined position as observed on the RPM respiratory signal for 17∼20 s. This
was repeated three times for each simulated treatment session or ’fraction’. During
this time, external surface depth maps were continuously acquired at 30 FPS using the
Microsoft Kinect sensor during the simulated session. Prior to the study, all volunteers
were requested to practice 20 s breath holds, as per standard DIBH protocol.
Once aligned, volunteers were asked to cough (under spoken guidance) after being po-
sitioned in order to simulate involuntary motion. A respiratory signal was derived from
ROI1 (see Figure 5.7c) used for analysis to synchronise the temporal data stream of
the Microsoft Kinect’s depth images to the RPM data stream via a deliberate cough
from the subject. The set-up produced during the conventional laser and marker set-up
method was subsequently analysed using the Microsoft Kinect sensor. Also, by com-
paring the respiratory signals obtained from Microsoft Kinect ROIs to that produced
from the RPM system, region variations in respiratory signal could then be measured.
5.3.5 Data Analysis with Healthy Volunteers
Set-up Analysis
For the exemplar case of breast cancer radiotherapy, a ROI (denoted by the white
box in Figure 5.7c) was selected on the upper chest/breast surface to provide a direct
assessment of breast position for this specific treatment area. In order to assess potential
variation in alignment of the external surface of a target region between set-up sessions,
the ROI was used to calculate a mean ROI depth image per session µs. The same
ROI data were also used to derive the standard deviation, σs, within the ROI per
session. This was calculated using data obtained from maximum exhale portions of
the respiratory cycle as this has been shown to represent a stable reference position for
set-up [22, 155] and without the influence of the DIBH episodes.
In order to assess the variation in set-up across sessions for each volunteer, the mean
depth image for subsequent set-up sessions {µ2, µ3, µ4, µ5} was sequentially subtracted
from the first mean depth image µ1 considered as a reference. A histogram of the
resulting differences in depth as seen by the Microsoft Kinect camera (as illustrated
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in Figure 5.8) was characterised by a mean external target surface difference statistic
of ∆d and an associated width on the distribution of ∆w, defined by the standard
deviation of the resulting difference histogram. In a highly idealized set-up, ∆d and
∆w would equal zero.
Figure 5.8: Examples of difference histograms set-up for two exemplar volunteer sessions
between sessions 1 and 3. As described in Section 5.3.5 set-up analysis, the upper his-
togram is from volunteer 3 represents surface differences in set-up. This shows a mean
depth difference (∆d) of 2.84 mm along the principal axis of the Microsoft Kinect cam-
era with a standard deviation (∆w) of 4.72 mm. The lower histogram demonstrates the
equivalent measurement for volunteer 4, demonstrating a mean of differences 1.46 mm
along the same axis, suggesting the volunteer was slightly short of the required pose in
session 5 compared to session 1.
2D vs. 3D Registration
To examine the degree of mismatch seen in the set-up in the vertical, horizontal and
lateral component directions, a selection of three illustrative mean set-up images were
sequentially registered to the corresponding volunteer’s initial mean set-up image, µ1,
using an affine registration based on Iterative Closest Point (ICP) to produce a set of
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registered images. The corresponding ∆d and ∆w statistics following registration were
also recorded to demonstrate whether the parameters generated by the registration
process actually represented a better alignment.
DIBH Analysis
In order to assess the variation in DIBH pose achieved across different volunteers and
different DIBH episodes, the above approach used in the set-up analysis was extended
as follows: first an initial mean DIBH pose was calculated using the same ROI as
defined for the set-up analysis. However, DIBH analysis was temporally defined as
the period starting 2 seconds after the first DIBH peak inspiration, and then held
for 16 seconds using the RPM plot as shown in Figure 5.13. Using ROI data from
this temporal interval, mean DIBH images were calculated for each of the three DIBH
episodes performed during the five set-up sessions. DIBH difference histograms were
calculated using the first DIBH episode as a reference. These were characterised by a
mean and standard deviation ∆dDIBH and ∆wDIBH for each subsequent DIBH episode
within each set-up session, as illustrated in Figure 5.9.
5.3.6 Results
Figure 5.10 shows the difference between the reference surface and session 5 (the subject
was aligned using the conventional breast set-up protocol on both sessions) and also
the difference between reference surface and Microsoft Kinect aligned surfaces, using a
simple affine surface-based registration of the depth maps for the same volunteer. This
demonstrates that surface based imaging may have the potential for fast automated
surface alignment and set-up if a depth camera were integrated with the couch motion
controller.
Set-up Alignment Results
Inter-session variation of the external alignment produced during the conventional
breast set-up protocol was represented by the ∆d and the associated width on the
distribution ∆w of the associated difference histograms as illustrated previously in
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Figure 5.9: Showing difference histograms produced comparing pose achieved in first
DIBH episode in session 1 to subsequent DIBH episodes for volunteer 1 (top) session
3, DIBH episode 2, volunteer 3 (middle) session 4, DIBH episode 3 and volunteer 4
(bottom) session 5, DIBH episode 2.
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Figure 5.10: (a) An example of the mean depth map observed during set-up from
volunteer #5, session 5. The white rectangle defines an ROI used for analysis. Note
the central region containing the RPM box and the adjacent area of poor reflectivity,
which can also be seen in (b) and (c) which should be ignored. (b) Difference image of
the ROI shown in (a) and the reference set-up observed in session 1. The representation
of the skin surface demonstrates a systematic difference between the two set-up sessions.
(c) The resulting difference in depth maps produced after aligning the depth maps from
session 5 and session 1 using a simple 2D affine registration.
Figure 5.8. Figure 5.11 summarises these differences seen across the cohort of 5 volun-
teers with five separate set-up sessions per volunteer. These measurements show that
most volunteers (except volunteer # 1) were set-up with mean differences as measured
by depth images from the Microsoft Kinect, with margins within the 5 mm accepted
within clinical practice, and seem to cluster around a particular range of values for
individual volunteers. However, the ∆w statistic, shown on this plot implies using a
surface-imaging based approach has revealed that some areas within the target region
fall outside of this margin. This may not have been apparent using the limited number
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of tattoos used in routine patient alignment. To evaluate this in more detail, three ex-
ample cases were selected from the dataset representing good, average and poor set-up.
These depth images were converted to point cloud representation and then the two im-
ages were registered using ICP registration. Inter-session set-up or alignment changes
found from the registration in rotation, scale and shear were found to be negligible for
each volunteer. However, there were significant inter-session translational changes to
surface alignment observed as indicated by the registration process.
The least reproducible set up (Figure 5.11) was found in volunteer 1, which shows
that the vertical displacement of the anterior surface compared to the reference pose in
session 1 was 8.07 mm and the overall difference in the surface in set-up session 3 falls
outside of the accepted clinical margin.
Figure 5.11: Plot showing the mean and standard deviation of the differences in the set-
up for each of the five volunteers. The lines show the temporal change across different
set-up sessions after the initial reference set-up starting with the first of these indicated
by ’*’. The highlighted box represents the accepted set-up error.
These results suggest that a greater level of precision might be realised using a surface-
based approach. This has implications for speed up and suggests there may be advan-
tages for automation of subject alignment/motion during RT without using marker-
based methods.
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Vol. S1−3(∆d±∆w) (x, y, z) (mm) Distance (mm)
1 7.32± 13.76 (5.79, -4.44, 3.50) 8.11± 1.96
3 3.24± 11.78 (-2.19, 0.90, -1.43) 2.76± 1.53
4 −2.26± 7.00 (-1.75, -0.09, -0.06) 1.75± 1.39
Table 5.5: Results of registering three exemplar cases shown in Figure 5.11 using ICP
to determine the Cartesian component displacements.
Table 5.5 shows the statistics produced using the ∆d, ∆w statistics compared to abso-
lute displacement in x, y and z which indicates that these are correlated with absolute
displacements. In all cases, we observed that rotation shear and scaling errors were
considered negligible.
DIBH Results
To compare potential variations in DIBH chest pose, depth data were acquired using
the Microsoft Kinect captured over three separate imaging DIBH episodes for each of
the five set-ups for each volunteer. Using the same target ROI as used for the set-up
analysis, to compare the displacement of the target ROI region seen in the first DIBH
episode with subsequent episodes, difference histograms (see Figure 5.9) were derived,
and mean and variance summary statistics calculated. These summary statistics were
plotted for all volunteers across all DIBH episodes, and presented in Figure 5.12. This
shows that volunteers tend to partition into distinct clusters, which are presumably the
effect of the particular offsets and variations that feed through from set-up.
In order to better understand how the summary statistics relate to absolute changes
in the target surface under DIBH control, three particular cases were selected. These
were converted to point cloud representation, registered using ICP and the component
translation difference calculated and compared to the position achieved during the first
DIBH episode, This is presented in Table 5.6.
5.3.7 Discussion
This work demonstrates that the Kinect sensor could potentially be a single technol-
ogy solution for patient positioning and monitoring during EBRT. This solution avoids
the need for markers in contrast to a method using the marker-based RPM system.
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Figure 5.12: Plot of difference histogram summary statistics for 12 DIBH episodes
spread over five set-up sessions for each of the five volunteers. The highlighted box
shows the accepted DIBH error.
Vol. DIBH (∆dDIBH ±∆wDIBH) (x, y, z) (mm) Distance (mm)
1 DIBH1−2.S3 9.73± 13.84 (-1.64, -3.58, 3.45) 5.24± 2.03
3 DIBH1−3.S4 −5.71± 10.19 (-4.64, -2.25, -1.88) 5.49± 2.14
4 DIBH1−2.S5 10.56± 11.93 (-11.98, -4.31, -3.8) 13.29± 2.19
Table 5.6: Results of registering three exemplar DIBH episodes shown in Figure 5.12,
using ICP to determine the Cartesian component displacements.
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The experimental procedure is described in Section 5.3.4. The results of quantitative
comparison with the RPM system using the CIRS phantom, demonstrate highly com-
petitive performance. The volunteer study illustrates that the Microsoft Kinect sensor
can detect subtle variations in a marker-based patient set-up and DIBH reproducibility.
Figure 5.14 shows an example of respiratory motion plots for volunteer #2 captured
by the Microsoft Kinect sensor and the RPM after alignment utilising the forced cough
peak (a cough, breath hold and normal breathing) using the six ROIs shown in Figure
5.7c. Perhaps unsurprisingly, ROI1 has a higher correlation with the RPM system
attributed to ROI1 being closer than other ROIs to the RPM box. However, these plots
demonstrate the potential variation in respiratory motion trace that may be obtained
as marker position changes.
These results have confirmed that using conventional methods of set-up using markers
and lasers, and using a marker-based vision respiratory motion management system
tends to achieve a level of reproducibility for both set up and DIBH motion manage-
ment that are consistent with the level of errors tolerated in clinical practice and DIBH.
However, there are notable variations in between sessions and moreover between indi-
viduals. The data presented above tends to support the supposition that good (i.e.
precise) set-up is necessary, but not sufficient, for good DIBH response.
Using the Microsoft Kinect for assessing both set-up and DIBH reproducibility has
shown that this low-cost technology might be used for these tasks in its own right
without the need to resort to markers and the inherent variability of marker placement.
In addition to removing the need for marker placement, which brings potential benefits
for throughput, a depth-camera solution to these processes represents a surface- or in
effect ”many-point”-based approach, rather than limited point-based approaches with
markers, which may also provide enhanced performance. These data suggest that using
a marker-less surface-based approach could be further developed to deliver enhanced
precision for patient alignment compared to a conventional laser-based set-up as an en-
tire surface would be aligned rather than selected landmarks that may change position
during treatment as patients gain/loose weight. As a result, one might speculate that
it may then, in the future, be possible to select, smaller margins or alignment uncer-
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tainties, thus reducing the unwanted dose to normal tissues and organs at risk such as
cardiac and pulmonary tissues. A further advantage of such technology is that it may
be used as a low-cost method for patients to rehearse breath hold reproducibility at
home and may also be attractive to third world health providers with limited budgets.
(a) (b)
Figure 5.13: Two examples of the RPM displacement for two different sessions, session
1 (left) and 3 (right) plotted for volunteer number 5. These indices were used for the
selection of DIBH window for reading DIBH signals marked in these figures.
5.4 Summary and Conclusions
In this chapter, the use of Microsoft Kinect in the clinical settings were evaluated. To
do so, several studies were performed including investigation of:
1) Reproducibility and precision of the Microsoft Kinect using a CIRS respiratory
phantom which has submillimeter accuracy.
2) The accuracy of the Microsoft Kinect marker-less monitoring system opposed to the
RPM marker-based technique.
3) The precision of surface-based patient positioning using the Microsoft Kinect sensor
in comparison to tattoo and laser-based set-up on healthy female volunteers.
4) Monitoring reproducibility of DIBH and free breathing measurements in volunteer
subject.
120 Chapter 5. Applications of Microsoft Kinect Technology in External Beam
Radiotherapy
Figure 5.14: Respiratory motion tracers extracted from the Microsoft Kinect depth
maps of six ROIs highlighted on Figure 5.7c and an RPM marker based system for
volunteer number 2, including a cough, breath hold and normal breathing tracers.
5.4.1 Phantom Evaluation of the Microsoft Kinect Sensor
Reproducibility and accuracy of the Microsoft Kinect were examined using the phantom
study. For measuring the intrinsic accuracy of this system, a CIRS phantom was
programmed to have sinusoidal displacement with known amplitude and phase. An
ROI was selected on the surrogate part of this phantom (simulating the chest wall) and
captured using Microsoft Kinect for 60 s. The measured displacement obtained by the
sensor was examined in contrast to known translation due to phantom movements. The
difference between Microsoft Kinect captured movement and phantom displacement
did not exceed a 1 mm. Accuracy and reproducibility investigations revealed a mean
difference of 0.09 mm and 0.05 mm respectively.
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5.4.2 Assessment of the Microsoft Kinect Sensor on Healthy Female
Volunteers
The female volunteer analysis compared the current breast marker-based set-up using
tattoos and laser against the marker-less Microsoft Kinect system in a group of five
healthy female volunteers. In order to reduce respiratory motion consequences for
assessment of both systems, the specific surfaces, which were extracted at a particular
phase of respiratory motion (gated surfaces), were used for registration. The Microsoft
Kinect was used to capture the anterior surfaces registered to the reference surface to
show the difference between the two systems.
This work represents the first occasion that low-cost depth camera technology can
be successfully used to assess inter- and intra-session variations in set-up and DIBH
breath hold pose. The results demonstrate that, in this cohort at least, subjects were
set-up and generally achieved variations within accepted margins of clinical practice
(∼5-10 mm) for set-up/DIBH reproducibility. However, there were examples where
this level of performance was not achieved due to poor positioning or variable subject
response to DIBH performance. These data are also indicative that good set up is
necessary, but not sufficient for good DIBH performance. Volunteer # 3 is excluded
here as she was captured using a different clinical geometry on a different occasion.
Furthermore, was observed that the transferred breast surfaces according to the regis-
tration translation results provide more consistent surface alignment vs. setup by laser
and tattoos.
Additionally, after subjects were positioned according to the breast positioning proto-
col, the accuracy and stability of breathing motion (free breathing and repeated DIBHs)
were tested under an RPM marker-based monitoring system and the Microsoft Kinect
camera. The Microsoft Kinect camera provides a dynamic surface-based measurement
(free breathing and DIBHs). So, this study highlighted the sensitivity of marker posi-
tioning to reproduce the same breath hold. This suggests that using a surface-based
measurement system may provide more repeatable DIBH surface. One particular dis-
advantage of the RPM approach is the need to reliably place the marker box in the
same position during each fraction. The data analysis shown here suggests that this is
122 Chapter 5. Applications of Microsoft Kinect Technology in External Beam
Radiotherapy
a potential source of error. This may be contrasted with the Microsoft Kinect surface
based approach which uses a measured surface aligned to the same coordinate system
throughout. The inconsistency in the physical place of RPM marker-box located by ra-
diographers on the external volunteer’s surface was observed in the captured Microsoft
Kinect depth maps.
From the assessment of the Microsoft Kinect sensor within this thesis, it can be con-
cluded that this sensor could be incorporated into the daily quality control (QC) and
quality assurance (QA) procedures followed by the clinical practices. But in order to
do so, there is a regular requirement for the capture of a phantom position with known
size and/or predefined motion (CIRS phantom) to ensure reliable Kinect depth data.
In addition, the sensor temperature needs to be stabilised in order to provide a reliable
measurement.
In the literature, all subjects participating in Kinect studies are both young and healthy.
Patient-based studies are essential to examine real clinical issues with non-healthy sub-
jects 4 Benchmarked against current ”gold-standard” methods of clinical practice. Such
studies would intend investigating the capability of a single system utilising the Kinect
sensor, in order to set up the patient and monitor respiratory motion. An additional
study is required in which a group of radiotherapy cancer patients are positioned and
monitored, using only the Microsoft Kinect sensor. This study should aim to determine
whether the sensor can accurately position the patient and monitor respiratory motion
in a clinical setting. Another study of interest would be investigating the macro align-
ment of the patient using the Kinect sensor in order to modify the position of the bed.
Eventually, the Kinect sensor could be used as a single system to monitor DIBH and
integrated with bed positioning system. Using a marker-less approach such as Kinect
may improve throughput by reducing setup time, particularly if the Kinect is integrated
with couch motor for positioning.
4Since this thesis was submitted, the first pilot patient study using Kinect for DIBH monitoring has
been completed. Published result are pending.
Chapter 6
Respiratory Motion Prediction
6.1 Introduction
Respiratory motion induces uncertainty in Image Guided Therapy (IGRT) and Intensity
Modulated Radiation Therapy (IMRT), hence undermining the accuracy of delivering
the correct prescribed dose to tumours [171]. For tumours in the thoracic and abdom-
inal regions, such motion can result in sub-optimal planned radiation treatment. This
can potentially result in over or under dosing to the target volume and unacceptable
dose to normal tissues. Moreover, respiratory motion is one of the main sources of
degradation in diagnostic imaging. Motion artefacts in modalities such as Positron
Emission Tomography (PET) can adversely influence clinical diagnosis and hinder the
specificity and sensitivity of location and extent of the tumour volume [21]. Motion
correction approaches used to address these issues, can be broadly categorized into two
areas: (i) maintaining target tissue motionless via breath-hold approaches or using gat-
ing techniques; (ii) real-time tumour motion tracking, which is becoming a commonly
used technique [35].
In the previous motion correction method, an additional margin was added to the target
volume to consider the full range of expected tumour motion during respiration. This
however delivers an extra high radiation dose to the normal surrounding structures and
organs at risk. One of the principal benefits of this approach compared to respiratory
control methods (breath hold and respiratory gating) is that a shorter time is needed
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to radiate the planned dose to the tumour. The reason is, in breath hold or gating, the
delivery can be undertaken in a limited period of each breathing cycle where the tumour
is kept stationary. Such treatments require patients to control their breathing. Patients
however may exhibit very different respiratory patterns during the gated treatment
and/or have difficulties holding their breath in breath-hold techniques.
Advances in RT have seen the introduction of Four Dimensional Radiation Therapy
(4DRT), where the radiation beam tracks the target region in real time [106]. This
adaptive treatment manages the delivery of an optimal therapeutic dose to the target
and sparing dose to surrounding normal tissues. For this purpose, the target position
should be imaged and followed in real-time relative to the radiation delivery systems.
Several techniques have been developed to undertake 4DRT including moving the couch
or the gantry according to the target position during respiration or adjusting the beam
shape and position using a Dynamic Multi-Leaf Collimator (DMLC) during radiation
treatment [124].
The principal interest of using this advanced treatment is reducing the allocated margin
around target volume while delivering the planned radiation beam during the entire
respiratory cycle.
The linear accelerator (Linac) is the most commonly used radiation therapy machine
during External Beam Radiotherapy (EBRT). For real-time target positioning during
the entire respiratory cycles, this therapy machine can be equipped with multi-leaf col-
limators. The target location can be followed by imaging the tumour region internally
or inferring its internal position using external surrogate techniques. The tumour loca-
tion can be obtained directly using fluoroscopic images [172]. However, in vivo tracking
is not applicable in certain situations.
As an alternative, implanted fiducial markers in the tumour or host organs has been
used as a surrogate to enhance identification of tumour location [88]. Several studies
have used gold fiducial markers that are detectable under X-ray illumination. However,
the application of implanted markers is limited due to their invasive nature and the
increased risk of pneumothorax [184].
To decrease the additional dose from radiographic imaging, a correlation model can
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be used built upon the measurements of the external respiratory motion and episodic
internal target location. These methods are commonly referred to as external-internal
based tumour tracking. During treatment, this model can be used to estimate tumour
position from surrogate external motion. One example of a correlation model is the
study proposed by Beddar et al., who correlated the motion of an external marker with
internal fiducials implanted in the liver [28]. Other studies reported that, the correlation
is not stationary and there is a lag time between image acquisition, processing and dose
delivery [92].
Furthermore, there have been several studies to compensate for systematic latencies
which occur due to the inherent time lag between tumour localisation, gantry or couch
movement relative to the tumour position and activation of the radiation treatment. To
address these latency issues, prediction models based on observed anterior respiratory
signal are now gaining significant interest [88].
The feasibility of the Microsoft Kinect sensor as a low-cost sensor to monitor and
predict respiratory motion is examined in this chapter. This has an application for
IGRT where currently, for tumours in abdominal and thoracic regions, the respiratory
motion is obtained by a marker attached to the patients chest. This information is
then utilised in order to deliver the radiation dose to the target using the correlation
model. This model links the external respiratory motion to the target motion. However,
the current marker-based system provides limited spatial information (tracking one
marker position) compared to the whole external surface tracked using the Kinect
sensor. Moreover, Drichen et. al [54] suggested that using several markers can enhance
the accuracy of the correlation algorithms. In this study, the use of the Microsoft
Kinect sensor was investigated as a marker-less system, in order to track respiratory
motion for correlation algorithms.
Two different datasets were used for external respiratory motion prediction: i) a 4D
ultrasound dataset including the external motion of an IR LED’s trajectory positioned
on the volunteer’s chest and ii) surface-based Microsoft Kinect capturing respiratory
motion. One of the purposes of using surface-based Microsoft Kinect respiratory motion
is the increased variability of respiratory motion, and longer duration of observation,
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provided by the dataset. In addition, it is shown that the dominant region of respi-
ratory motion can be extracted from the external surface and used for the prediction
study. However, in the Kinect dataset, no internal motion is provided. For this rea-
son, the 4D ultrasound dataset was used to examine the performance of the proposed
correlation model in this chapter. These datasets also have various sampling rates and
measurements duration which shown to be important factors.
The prediction model proposed in this study is based on the work of Ichiji et al. [78],
in which they proposed Time-Variant Seasonal Autoregressive (TVSAR) model for
respiratory motion prediction. Extending this work, in this chapter, an adaptive-based
framework is proposed as a solution in order to dynamically calculate the autoregressive
coefficient.
Several correlation methods have been proposed in the literature, for which McClel-
land et. al. provide a comprehensive review of correlation and prediction techniques
[117]. However, in this chapter, the GMM/GMR model utilised has not been previously
considered for respiratory motion correlation and prediction.
6.1.1 Latencies of Motion Compensations Methods
There are several sources and levels of latencies in 4DRT. The first source is obtaining
the external surrogate signal, this type of latency with improvements in tracking sys-
tems is approximately 10 ms [55]. The second source is calculating the required time to
infer the target position from the surrogate measurement; this can rely on algorithms.
For instance, Ernest et al. reported a latency range between 1 to 20 ms in their study
[55]; the longest latency arises from robotic delivery devices, where latency is of the
order of 100 ms. Consequently, the prediction algorithms should accommodate for ap-
proximately 100 to 150 ms of latency in total to accommodate for both tracking and
delivering the radiation beam.
As an example, various motion compensation systems have different latencies [49] [113]
[143], the amount of total latencies listed in ascending order are 47, 115, 175 and
420 ms correspond to VERO, CyberKife, MAD and MLC devices respectively. The
CyberKnife device is one of the most active systems in 4DRT, although there are other
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compensation techniques such as VERO, Dynamic MLC and moving the couch. The
latter method has the most amount of delay reported in the literature with timing in
the range of 0.3 to 1 s [50].
6.1.2 Previous Work
Several algorithms have been used for predicting the respiratory motion which are
reviewed in Chapter 2. However, studies comparing two available prediction algorithms
reported that model-free prediction methods had better performance than model-based
methods [59] [55].
The Autoregressive Moving Average Model (AMAM) is a type of model-free predictive
method, upon which many other proposed methods are built upon. In this model, the
weights of autoregressive processes can be calculated using several techniques including
Least Mean Squares (LMS), normalised Least Mean Squares (nLMS) and Recursive
Least Squares (RLS). The latest autoregressive model proposed for respiratory motion
prediction is a Time-Varying Season Autoregressive (TVSAR) model which was intro-
duced by Ichiji et al. [78]. In this work, an adaptive-based framework is extended
into the proposed model to calculate the autoregressive coefficient from the previous
respiratory trajectories.
6.1.3 Motivation
The primary purpose of this work is to generate and enhance a patient-specific pre-
diction model to predict the 3D future position of the tumour based upon the pre-
dicted position of a surrogate signal. Figure 6.1 illustrates a schematic process of a
prediction-correlation model for estimating the future position of the tumour via an
anterior surface as a surrogate signal.
By predicting the position of the anterior abdominal/thoracic surface during a time
series of respiratory motion, the correlation between this predicted future surrogate
and the future tumour positions, may be estimate via correlation models. To achieve
these objectives, two steps are required; prediction of the high sampling rate of an
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Figure 6.1: A schematic process of prediction-correlation model for predicting the future
position of the tumour via external anterior surface as a surrogate.
external trace and then the correlation of the external signal to the internal target
motion using the correlation model to estimate the internal target position.
This chapter first focuses on two correlation models and then the prediction step, where
the performance of a prediction model is compared to the proposed state-of-the-art
method: TVSAR. The Root Mean Square (RMS) error is used to measure the error of
prediction models evaluated here.
For clarification it may be useful to describe the difference between two terminologies:
motion prediction and motion estimation. The term motion prediction has been applied
when the future value of the signal is obtained based on current and past value whilst,
some works have used it to refer to calculating the current value (when no prediction
is involved), such as in correlation modelling. In this thesis, the estimation term has
been used to refer to obtaining the current position of the internal target based on
the external surrogated signal (correlation model). Although, a potential approach
is to predict the future position of the internal target based on the current external
surrogated signal. In doing so, the prediction and correlation models can be applied at
the same time to compensate for the presence of latencies in the motion compensation
systems due to signal processing and robot positioning in EBRT.
In this study, firstly, two correlation models are compared; Multiple Linear Regression
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Model (MLR) and Gaussian Mixture Model (GMM). Furthermore, the prediction model
(TVSAR model) proposed by Ichiji et al. [78] [77] for respiratory motion prediction
was extended and compared with Ichiji’s work.
6.1.4 Structure of the Chapter
The list and description of datasets used in this study is presented in Section 6.2,
including surface-based respiratory signals during three sessions of 30 volunteers and
seven volunteers 3D ultrasound where the external motion was obtained using Infrared
Light-Emitting Diodes (IR LEDs). This section continues with detailed explanation
of the pre-prosessing steps employed in this study. The description of the proposed
correlation models, and the parameters employed in these methods is presented in
Section 6.5. Section 6.6 outlines the performance of the proposed prediction method
compared with the state-of-the-art method where different sampling rate and latencies
are compared.
6.2 Data Description
In this study, two different datasets were used for extenal respiratory motion prediction:
1) seven 4D ultrasound images of volunteers and 2) 30 surface-based Microsoft Kinect
respiratory trajectories of healthy volunteers in three sessions. These two datasets
have been captured by different imaging modalities (the Microsoft Kinect sensor and
4D ultrasound).
These datasets also have various sampling rates and measurement duration, which will
be explained later in more detail. Further in this chapter, the impact of variation
between these two different datasets will be discussed and the effect of each component
in the prediction performance, such as the duration of observation, sampling rate and
imaging modality, will be evaluated in detail.
The first dataset used in this chapter consists of 4D ultrasound images of six volunteers.
The Institute for Robotics and Cognitive Systems at the University of Lubeck prepared
this publicly available dataset. The detailed parameters of the seven volunteers in the
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Volunteer Duration IR LED Internal target
No. (minutes) (mm) (mm)
1 6.03 4.51 6.30
2 2.69 4.64 8.22
3 6.19 13.09 31.53
4 5.56 13.63 51.53
5 6.45 12.92 42.03
6 6.11 7.65 10.01
7 6.14 6.15 22.76
Global mean = 8.94 24.63
Standard deviation = 4.13 17.78
Table 6.1: Summary of the 4D ultrasound dataset’s characteristics for both external
motion, IR LED, and internal target motion, vessel bifurcations trajectories.
dataset are presented in Table 6.1 (One of the volunteers was captured twice so seven
datasets in total). As volunteers were healthy, vessel bifurcations in the liver was
imaged using 4D ultrasound as a surrogate of the internal target. External infrared
light-emitting diodes’ (IR LED’s) attached to the volunteer skin surface serve as the
external surrogate signal. This external trajectory was acquired at a frame rate of
331.04 HZ as an external surrogate of the volunteers anterior surface information. The
time duration of the external surrogate signals of the volunteer’s anterior surface motion
varied from 5:03-6:27 minutes. Figure 6.2 illustrates an experimental set-up of LED
markers and an ultrasound imaging of blood vessels of a volunteer.
Figure 6.3 presents the 60 s of the IR LED’s trajectory for three spatial dimensions (x,
y, z). Simultaneously, dynamic 3D live ultrasound images were employed for measur-
ing the internal target position which in this work is vessel bifurcation. Blood vessel
bifurcation was identified using phase-only correlation and normalised cross correlation.
Microsoft Kinect dataset was captured at the University of Surrey by the author and
the detailed information about this dataset and preprocessing steps in order to extract
the dominant breathing signal is presented in Chapter 4.
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Figure 6.2: An experimental set-up of LED’s marker which was affixted on the belt
attached to the volunteer’s chest and an example of the ultrasound image of liver blood
vessels [56].
(a)
(b) (c)
Figure 6.3: (a, b, c) 60 s of the IR LED’s trajectory for three spatial dimensions (x, y,
z) of volunteer number one.
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6.3 Data Pre-processing of External Surrogates
In the first dataset, the external respiratory motion of a set of normal volunteers in-
cluding 23 males and seven females was captured using Kinect for Windows. The first
Eigen image segmentation of the depth displacement was used in order to extract the
dominant mode of breathing across the entire chest. Mean pixel values of the dominant
region are calculated for each phase which gives the dominant respiratory motion of
each volunteer represented by the W matrix:
W = [x1, x2, x3, ..., xt]
T (6.1)
where, x is the mean pixel value of the principal region of an external surface and t is
time. Obtaining the external surrogate signal using this technique is non-invasive. No
marker placement is required which is in contrast with the use of the whole external
motion, or a marker or ROI-based signal.
In the 4D ultrasound group, all six subjects in the dataset are male, with an age range
of 23 to 30 years old. Opposed to second dataset which is surface-based motion, in
this dataset only one LED was placed on the anterior volunteer’s chest and the data
was captured in average 5.5 minutes long. Spatio-temporal motion in this dataset, an
IR-LED position, is represented by the P for each volunteer:
P = [x1, y1, z1, ..., xt, yt, zt]
T (6.2)
where, x, y, z are the Cartesian coordinates of an LED and t is time.
Due to dissimilarities between these datasets, specific training and testing strategies
are required for each group of data in order to compare them and then evaluate the
prediction performance.
6.3.1 Training Procedures
The first 80% percent of the input signal data stream was selected for training, and the
remainder of the dataset was allocated for testing. All samples in the training set were
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obtained in order to train models. In this study, the model uses a 3D LED position
sequence for each volunteer. This is represented by the matrix P:
P = [P1, P2, ...Pt], (6.3)
where, Pt = [xt, yt, ...zt]
T are the Cartesian coordinates of an LED and t is time. In
addition, 3D velocity and acceleration (central differences) of a marker can be obtained
using the first and second derivative of the position dPdt and
d2P
dt2
respectively.
The correlation model can be considered as a function f which computes the 3D posi-
tion of the internal target according to the measured 3D external information (LED’s
position). The fitting accuracy of the model may be increased by incorporating addi-
tional information. To do so, the velocity, and acceleration of a marker along with the
information about the direction of breathing were included. The direction of breathing
can be computed by applying a threshold on the velocity of the LED signal projected
along the first principal component (here Pˆ indicates the LED signal projected into
PCA space along the first eigenvector).
f(n) =

−1 fordPˆdt < −0.05
0 for− 0.05 < dPˆdt < 0.05
1 fordPˆdt > 0.05
(6.4)
Considering the internal target, PCA of its motion was also determined. The internal
signal projected along the first principal component were ordered into a column vector:
Tˆ = [Tˆ1, Tˆ2, ..., Tˆt]
T (6.5)
where Tˆ illustrates the internal signal projected along the first principal component
and t is time.
For creating the training model, the PCA of the tumour positions Tˆ and external
surrogate data for each sample were applied. The external surrogate data includes
position (P), velocity (V), acceleration (A) and the direction of breathing (D) over the
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first 80% percent of dataset.
Training = (P.,t, V.,t, A.,t, D.,t, Tˆt)
T (6.6)
where t = 1, ...,m
Testing = (P.,t, V.,t, A.,t, D.,t)
T (6.7)
where t = m+ 1, ..., N
6.4 Methodology
As can be seen in Figure 6.1, the position of the internal target can be obtained in three
ways. Firstly, predicting the anterior external surface; this result will then be used in
a correlation step where the future position of the internal tumour is calculated using
correlation models. Secondly, employ a correlation model to link the external anterior
surface to the internal tumour and then the future position of the internal tumour is
inferred using prediction model. In the last technique, only a correlation model can
be utilised to estimate the future position of the internal tumour position based on
the past anterior external surface. In this thesis, the first method was studied. This
includes two steps; motion correlation of an external surrogate measure into the internal
target position and prediction of the external surrogate signal, these two aspects will
be described in below:
6.5 Correlation Models
The correlation model (polynomial) has been used clinically in the Cyberknife system.
In this study, two correlation/correspondence models between an external surrogate
and internal traget position have been evaluated. These include: MLR and GMR.
RMS error was applied to compare the accuracy of the correlation algorithms using
seven datasets.
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6.5.1 Multiple Linear Regression (MLR) model
The Multiple Linear Regression (MLR) model [204] was considered in this study due
to its simple concept. A linear model was considered and results were compared to
more complex models. MLR is an enlargement of simple linear regression. Simple
linear regression models the relationship between a dependent variable, Y , and an
explanatory variable, X. However, MLR uses more than one explanatory variable to
estimate a dependent variable. The MLR model can be considered in a matrix format
as shown in Equation 6.8:
Y = Xβ + ε (6.8)
where:
Y =

y1
y2
...
yn
 Xn,p =

x1,1 x1,2 · · · x1,p
x2,1 x2,2 · · · x2,p
...
...
. . .
...
xn,1 xn,2 · · · xn,p
 β =

β1
β2
...
βp
 ε =

ε1
ε2
...
εn

where Y denotes a dependent variable and X is the explanatory variable. β represents a
p-dimensional parameter vector and its elements are called regression coefficients which
map the explanatory variables to the dependent variable, and ε is the error term.
Let {(X,Y )} be the training set, in which X corresponds to the external surface infor-
mation (3D external position; P, 3D external velocity; V, 3D external acceleration; A
and 1D direction of breathing; D). In addition, Y represents the principal component of
the target internal motion. Least Squares (LS) estimation can be employed to estimate
regression coefficient β. In doing so, LS minimises the sum of squares:
Y = Xβ + ε (6.9)
ε = Y −Xβ (6.10)
βˆ = arg min
β
[(Y −Xβ)′(Y −Xβ)] (6.11)
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The derivative of the sum of squares is calculated with respect to β and is set equal to
zero for obtaining the minimum of the sum of squares:
∂
∂β
[(Y −Xβ)′(Y −Xβ)] = 0 (6.12)
XX ′β = X ′Y ⇒ βˆ = (XX ′)−1X ′Y (6.13)
An estimate Yˆ of the dependent variable (internal target position) is obtained, using
the estimated parameter vector, βˆ, and the explanatory variables/testing (surrogated
external position) X:
Yˆ = Xβˆ ⇒ Yˆ = X(XTX)−1XTY ⇒ Yˆ = HY (6.14)
A block diagram of the proposed MLR scheme is presented in Figure 6.4. The Moore-
Penrose pseudoinverse of the matrix β was applied for finding a best fit (least squares).
(a) (b)
Figure 6.4: A block diagram of the proposed MLR scheme. (a) shows the training
phase and (b) presents the testing phase. The dataset is divided into the training and
testing parts. The fist 80% of the dataset is used as a training part, and the remaining,
20% is applied for testing.
6.5.2 Gaussian Mixture Model (GMM) & Gaussian Mixture Regres-
sion (GMR)
The GMM and GMR algorithms described here are well-known algorithms; however
their use in the correlation model for EBRT has yet to be investigated. GMM is em-
ployed to encode the motion that shows the observed distribution of data points. Let
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{ξ = (X,Y )} be the training set composed of N data points / time of D dimensions,
where X corresponds to the external surface trajectory (3D external position; P, 3D
external velocity; V, 3D external acceleration; A and 1D direction of breathing; D). In
addition, Y represents the 3D internal target position (internal motion). The proba-
bility of a data point being in a GMM of K Gaussians is given by [36]:
p(ξ) =
K∑
k=1
p(k)p(ξ|k), (6.15)
where p(k) and p(ξ|k) are defined respectively as a prior probability p(k) = pik and a
conditional probability density function:
p(ξ|k) = N (ξ;µk,Σk) = 1√
(2pi)D|Σk|
e−1(
1
2
)((ξ−µk)TΣ−1k (ξ−µk)), (6.16)
The set of parameters, pik, µk and Σk, represent prior probabilities, means and covari-
ance matrices of the model respectively. They were determined through the Expectation
Maximisation (EM) method using the whole training set. The posterior probability is
defined by Bayes’ theorem and p(ξ|k), i.e.:
p(k|ξ) = p(k)p(ξ|k)∑K
i=1 p(i)p(ξ|i)
, (6.17)
The sum of these posterior probabilities is given by Ek in the estimation step. Mac-
Queen et al. [36] proposed a K-means segmentation algorithm for initial estimation
of pik, µk,Σk, Ek parameters which was used here. These parameters were estimated
iteratively until convergence (the increase in the log-likelihood L (equation 6.18) at
each iteration becomes below a threshold).
L(ξ) =
N∑
j=1
log(p(ξ)), (6.18)
The joint probability distribution p(ξ) was obtained using GMM where ξ = (X,Y ).
Then, to produce smooth generalised trajectories, expectation and covariance of the
joint probability distribution p(ξ) were associated across a set of observed trajectories
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using GMR. For a known/given X, corresponding to the explanatory variables/testing
(remaining of surrogated external position), the expected distribution of the dependent
variable Y is estimated by:
p(Y |X) ∼
K∑
k=1
hkN (ξˆk, Σˆk), (6.19)
where hk = p(k|X) represents the probability that the Gaussian distribution k is re-
sponsible for X defined by Bayes theorem:
hk =
p(k)p(X|k)∑K
i=1 p(i)p(X|i)
=
pikN (X;µX,k; ΣX,k)∑K
i=1 pii(X;µX,i; ΣX,i)
. (6.20)
and N (ξˆk, Σˆk) is Gaussian distribution with parameters:
ξˆ =
K∑
k=1
hkξˆk, (6.21)
Σˆ =
K∑
k=1
h2kΣˆk. (6.22)
A block diagram of GMM/GMR scheme is illustrated in Figure 6.5 where this time the
3D target position is applied as the internal motion.
(a)
(b)
Figure 6.5: A block diagram of the proposed GMM and GMR scheme. In this model,
the training stage estimates parameters for the GMM. The training data is used with
the EM algorithm to determine the order of the GMM.
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Volu.#
Duration
(min)
Mean Amp. LED
(mm)
RMS MLR
(mm)
RMS GMR
(mm)
1 6:03 4.51 2.75 1.01
2 2:69 4.64 3.29 1.01
3 6:19 13.09 1.56 0.49
4 5:56 13.63 7.57 2.69
5 6:45 12.92 3.99 2.46
6 6:11 7.65 2.03 0.53
7 6:14 6.15 3.59 1.19
Average 5:53 8.94±4.13 3.54±1.97 1.34±0.88
Table 6.2: Summary of correlation errors (RMS) of the ultrasound dataset for the MLR
and GMR models.
6.5.3 Correlation Models Results
The RMS error between the estimated target position and the actual position was used
to validate the accuracy of these two correlation algorithms. In this study the average
errors of all volunteers were 3.54 and 1.34 in MLR and GMM, respectively. Table 6.2
represents the RMS errors for each volunteer using two different algorithms. The RMS
of the correlation error of the GMR is less than 2 mm.
6.6 Prediction Models
6.6.1 Time-Variant Seasonal Autoregressive (TVSAR)
As mentioned earlier, the prediction model proposed in this study is based on the
Time-Variant Seasonal Autoregressive (TVSAR) model proposed by Ichiji et al. [78]
[77] for respiratory motion prediction. The performance of this model was compared
with extended TVSAR model. Furthermore, errors of both methods were estimated
for different look-ahead periods. Several prediction methods have been proposed in the
literature, however the TVSAR appeared as the most appealing as the periodicity of
respiratory motion is considered in this model since respiration consists of inspiration
and expiration which occurs in a pseudo cyclical manner. Thus, in this model, the future
sample ahead was regularly observed in the previous samples. However, the periodicity
of respiratory motion is not uniform and changes over time which is considered in
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the TVSAR model. Statistical analysis of the respiration phase in Chapter 4 also
demonstrated that the breathing period is also time variant.
Let y(t) = [y(1), y(2), ..., y(T )], be the time series of a one dimensional external surro-
gate motion with T samples, where y(t) is a coordinate of the external signal at time
t which changes with the subject’s breathing. The common Seasonal Autoregressive
(SAR) model is described by equation 6.23:
y(t) = ε(t) +
N∑
n=1
Φn · y(t− n · s), (6.23)
Here, ε(t) is a Gaussian noise with zero mean and σ2, variance. Φn is n SAR coefficient
and s denotes the period of data.
In order to employ the SAR model for prediction of h-samples ahead, t can be replaced
with t+ h given in Equation 6.24:
yˆ(t+ h | t) =
N∑
n=1
Φˆn · y(t+ h− n · s), (6.24)
where yˆ(t+h | t) is the predicted position of h samples ahead of time t and Φˆn presents
an estimated SAR coefficient. The key deficiency of the common SAR model is a
fixed period s considered in the prediction. The periodic nature of respiratory motion
fluctuates in time since respiratory motion phase varies with time. It was reported that
this restriction significantly impacts the accuracy of prediction models. To address this
limitation of the SAR model, the TVSAR model was proposed by [76] [77] [78], and is
defined by 6.25:
yˆ(t+ h | t) =
N∑
n=1
Φˆn · y(t+ h− rˆn(t+ h | t)), (6.25)
where rn(t | t) are positive reference intervals used for obtaining the past seen samples
which have the similar phase to the current sample y(t). So, for the future sample,
yˆ(t + h | t), at time t, new intervals are inferred named rˆn(t + h | t) where they have
the same phase corresponding to yˆ(t + h | t). Ichiji et al. proposed to use a 2-order
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(N = 2) TVSAR model with SAR coefficients, Φˆn, equal to 1/N respectively. However,
the reference interval, rn(t | t) is a term which adapts the model into the time-varying
periodic nature of respiratory motion and is calculated by correlation analysis.
To obtain n-th reference interval, two subsets of samples are considered with w length
(w = 60), [y(t − w + 1), ..., y(t)] and [y(t − w − k + 1), ..., y(t − k)]. The correlation
coefficient of these two subsets is then calculated using Pearson correlation as Equation
6.26:
C(t, k) =
1
w
·
w−1∑
j=0
y(t− j)− µt
σt
· y(t− k − j)− µt−k
σt−k
, (6.26)
The mean and standard deviations of both subsets, [y(t−w+1), ..., y(t)] and [y(t−w−
k + 1), ..., y(t − k)], are depicted by µt, σt, µt−k and σt−k respectively. Therefore, the
n-th reference interval is obtained from the lag, k of the correlation function, C(t, k)
from n-th local maximum by Equation 6.27:
r˜p(t) = argmax
k∈Kp
CF (t, k) (6.27)
A simplified visualisation of this process is shown in Figure 6.6. As can be seen, the
first interval is equal to the time delay between the first occurring local maximum.
The object of this study is not only to predict an external surrogate motion extracted
using the surface-based signals and TVSAM model, but also attempt to extend the
TVSAM model. Therefore, the fixed term, SAR coefficients, 0.5, proposed in Ichiji et
al. was modified in this study. The assumption of this modification was to reduce the
effect of 2nd SAR coefficient.
The 2-order (N = 2) TVSAR model which was considered here has SAR coefficients,
Φˆn, equal to 1 and Φˆ1 and Φˆ2 = 1−Φˆ1, coefficients were determined using the difference
between current samples and previous samples.
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Figure 6.6: A n-th reference interval obtained using correlation coefficient of these two
subsets. The picture is taken from [77].
6.6.2 Prediction Models Results
Two datasets described earlier were used to compare the performance of the proposed
prediction models in this chapter. 4D ultrasound dataset and surface-based Kinect
were employed. Figure 6.7 summarises the RMS errors obtained across all volunteers
during three sessions using two predictors and different look-ahead periods. As can be
seen in this figure, the overall performance of TVSAR model is slightly better than
ETVSAR model. In both models, as a look-ahead period extended performances of
predictors decreased.
Table 6.3 presents RMS errors of TVSAM and ETVSAM for the 4D ultrasound dataset.
This shows the RMS error in x,y and z directions for 1 s look-ahead period. In this
dataset the sampling rate of the external surrogate signal, an IR LED, is between
framerate of 17.5 to 21.3 Hz. The average error across all volunteers was 1.63 and 1.68
for TVSAM and ETVSAM respectively.
6.7 Discussion
In this chapter, two aspects of motion compensation during EBRT were considered in
order to minimise the unwanted radiation dose to the normal tissues. These two aspects
6.7. Discussion 143
Figure 6.7: The average results obtained from all volunteers, bars show the mean of
RMS errors across all three sessions and look-ahead periods.
Vol.#
Duration
(min)
RMSTV SAM
(x,y,z) (mm)
RMSETV SAM
(x,y,z) (mm)
1 6:03 (0.11,0.93,0.79) (0.11,0.96,0.81)
2 2:69 (0.11,1.03,0.91) (0.11,1.04,0.93)
3 6:19 (0.37,0.58,1.41) (0.36,0.66,1.65)
4 5:56 (0.44,1.62,1.37) (0.43,1.77,1.49)
5 6:45 (0.44,2.08,2.48) (0.44,2.07,2.35)
6 6:11 (0.14,2.08,2.48) (0.14,0.39,0.94)
7 6:14 (0.20,0.56,0.81) (0.21,0.58,0.85)
Average 5:53 (0.25,1.02,1.25) (0.25,1.06,1.28)
Table 6.3: Summary of prediction errors (RMS) of the ultrasound dataset for TVSAM
and ETVSAM models for look-ahead period of 1s. This shows the performance of
ETVSAM model improved with increasing the sampling rate.
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are motion correlation to estimate internal target position using an external surrogate
signal and motion prediction to overcome latencies in systems. So, it is essential to
consider both internal target motion and external anterior surface.
The TVSAM model proposed in [78] was used as a prediction model. Moreover, a
different procedure was adapted to determine the autoregressive coefficients. Thus, the
performance of both these models was compared using the same datasets and several
latencies in this study to mitigate the lag time in EBRT. Results showed that given
any position, the future of the external respiratory motion location can be estimated
using both TVSAM and ETVSAM with mean RMS errors of 1.20 mm and 1.29 mm in
surface-based respiratory dataset and 1.25 and 1.28 mm (in z direction) in ultrasound
dataset respectively. It also represents the RMS error being increased by using a longer
look-ahead period.
To estimate the internal tumour motion from external chest motion in EBRT, two new
correlation methods have been proposed in this study, MLR and GMM/GMR. For any
external position, the tumour position is estimated using the MLR and GMR with
mean errors of 3.54 and 1.34 mm respectively. The performance of MLR model was
contrasted with the GMM/GMR model. The results show that the performance of
GMR is better than MLR. Furthermore, the stability of the GMR model is higher than
the MLR, and also it has lower standard deviation of the error.
Chapter 7
Conclusion and Future Work
In this thesis, the application of a low-cost 3D depth camera during radiotherapy (RT)
was considered to improve treatment delivery, and ultimately reduce clinical treatment
margins; from anterior surface-based subject capturing and processing to the evaluation
of methods in the clinical settings. Three key aspects of improving the RT procedures
were studied in this journey: marker-less set-up positioning, surface-based respiratory
motion monitoring (normal breathing and breath-hold), and employing prediction and
correlation models to compensate for existing latencies in RT. The first two techniques
are based on using low-cost depth camera technology, and on following a standard clin-
ical protocol, employ during RT (Chapter 3). Next, surface-based respiratory motion
was obtained in a cohort of 32 volunteers over three separate sessions. Then, intra/inter
volunteers variation of respiratory motion patterns were demonstrated where these pat-
terns were extracted from the dominant region of surface-based depth data from the
recorded depth videos of respiratory motion (Chapter 4). Finally, motion predictions
and two motion correlation methods have been studied in Chapter 6, which resulted
in a model for estimating current internal target position from the external surrogate
signal. This might be subsequently used to decrease clinical treatment margins.
The main research questions in this thesis are summarised in the next section, followed
by contributions achieved to answer these issues in more detail. Then hypotheses
concluded in this work are described which also open up some of the potential research
directions.
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7.1 Conclusion
Radiotherapy especially in the form of External Beam Radiotherapy (EBRT), has come
to be recognised as the most common method of treatment for delivering high-energy X-
rays to the target tissue to damage the DNA within the cancer cells. Imaging modalities
are needed to detect, diagnosis and stage the disease during treatment. However, the
imaging, and the imaging technology used for inferring the position and extent of the
tumour, planning the radiation dose and delivering the therapeutic dose affects the
speed of treatment and the patient experience.
Patient misalignment and respiratory motion are the two major issues which affect
imaging quality and treatment delivery. Misalignment outside of standard clinical mar-
gins (∼5mm) may lead to sub-optimal dose delivery to the target tissue and significant
unwanted dose to healthy tissues. In order to overcome the patient motion during
the treatment delivery session, traditionally wider margins were considered around the
tumour to incorporate the patient movement and uncertainties due to the set-up. To
maintain a consistent patient position as defined by that seen during the planning
stage, patients are setup and monitored during the whole fractionated treatment de-
livery process using several techniques including immobilisation devices such as lung
and breast boards. One approach for internal alignment of the target volume, and its
immobilisation during dose delivery is via Deep Inspiration Breath Hold (DIBH) tech-
niques wherein the signal used to monitor inspiration is assumed to correlate with the
internal configuration of the internal anatomy, as seen during the treatment planning
stage. This technique reduces the dose exposure to the radiosensitive nearby structures
while increasing the high dose into the target tissue. Several methods are available for
estimation or monitoring respiratory motion (normal breathing or DIBH), a critical
issue being the selection of the most suitable method. External surrogate measurement
methods have been studied in this thesis in order to track respiratory motion informa-
tion. However, most of the current techniques provides simple 1D respiratory signals to
estimate internal motion from the external surrogate of respiratory motion. Moreover,
such methods rely on manual placement of markers (or other technology) to determine
a respiratory signal.
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Hence, work in Chapter 5 demonstrates the feasibility of using 3D depth camera as
a potential low-cost single technology solution for patient positioning and monitoring
during EBRT. Following a technical evaluation of the fundamental performance of low-
cost depth camera technology. This chapter details the first occasion that the use of
low-cost depth camera technology for assessing inter- and intra-session variations in set-
up and DIBH (breath hold) pose using a cohort of volunteers. The Microsoft Kinect
surface monitoring system successfully produced detailed pose and position information
besides respiratory motion.
This thesis has investigated several approaches to improve the current RT procedures
such as respiratory motion monitoring and patient setup. To fulfill this goal, several
research questions have been introduced and addressed during this work that will be
described in the next section.
7.2 Discussion of Evaluation and Results
Several approaches have been considered in this dissertation for improving EBRT pro-
cedures which might subsequently be used to reduce clinical treatment margins: assess-
ment of monitoring the patient during EBRT using low-cost depth camera, modelling
respiratory motion using surface-based data, set-up positioning and DIBH reproducibil-
ity using low-cost depth camera and finally overcoming latencies in the 4DRT using
prediction-correlation models.
Research Question #1: Is it possible to use 3D depth sensor for EBRT in
order to set-up subjects and monitor respiratory motion? To what extent
do data captured by Microsoft Kinect sensors, accurately measure known
translation and rotation of test object/Rando phantom in a lab and clinical
settings?
The feasibility of using Microsoft Kinect during EBRT approach described in Chapter
3, starts with the assessment of Microsoft Kinect technologies (Kinect for Xbox, Kinect
for Windows), a novel 3D registration technique derived by proposing the use of the
Random Sample Consensus (RANSAC) algorithm to reduce the effect of outliers in re-
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sults of existing Iterative Closest Point (ICP) approach. The intention of this work was
to evaluate the performance of the Microsoft Kinect sensor in a radiotherapy setting.
In doing so, two sensors (Microsoft Kinect for Xbox and Microsoft Kinect for Windows)
were studied by undertaking several experiments. These investigations cover measur-
ing the impacts of temperature on distance measurement, the accuracy of both sensors
measured distances, ability to identify known synthesis motion provided by respiratory
phantom, and crucially the effects of using multiple Microsoft Kinect sensors at the
same time on performance.
Microsoft Kinect technology, in particular, Kinect for Windows appears to offer a
promising non-contact, marker-less approach for use in EBRT, with estimated errors
of 2 mm over a wide range of distance. Furthermore, the Kinect for Windows in near-
mode results in superior performance compared to the Kinect for Windows in normal
mode and Kinect for Xbox. It has less than 2 mm error for static objects, 1 mm for
semi-respiratory simuilated motion which has a potential for use in EBRT. Further-
more, these sensors may be used for monitoring patient respiration in both the supine
and the prone position where these sensors can capture both tidal and deep breathing.
It could also act as an external surrogate signal when considering respiratory motion
modelling. This accuracy level is adequate for both the patient alignment and motion
observation. Results suggest that Microsoft Kinect can capture comparable respira-
tory motion when compared to the phantom motion. This may also bring improved
performance for a lower cost compared to existing surface-based approaches.
In the thesis has been illustrated that Microsoft Kinect sensors can capture both phan-
toms and volunteers respiratory motion as well as any set-up misalignment.
Research Question #2: Can depth camera technology provide a suitable
surface-based respiratory motion monitoring tool for motion modelling and
categorising the dominant style of breathing?
Surface-based respiratory motion modelling using the low-cost depth camera is pre-
sented in Chapter 4 for the first time. This demonstrated the external respiratory
motion of a set of normal volunteers, including 25 male and seven female, captured us-
ing the Microsoft Kinect for Windows. The dominant mode of breathing was obtained
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using several analyses including standard deviation of the depth displacement across
the chest. Secondly, Principal Component Analysis (PCA) was conducted to a ROI en-
compassing the complete anterior surface. Results demonstrated that various styles of
breathing can be described using two eigenvectors for external thoracic and abdominal
surface motion. Results show an apparent intrinsic relationship between respiratory
frequency and respiratory amplitude. Moreover, this analysis offers insight into the
variations in respiratory motion, including intra-inter sessions/subjects variability of
these parameters.
In standard deviation image analysis, Fuzzy C-Mean (FCM) clustering was used to
isolate the feature of the style of breathing including thoracic, abdominal and both
regions. Of the 32 subjects studied, in a few subjects it was observed that the first and
second eigenimages were out-phase.
Results presented in Chapter 3 and 4 show that it is feasible to use Microsoft Kinect for
routine monitoring of patient movement without any marker in both diagnostic imaging
and during RT which answer the first hypothesis of this thesis. Both phantom and
volunteers studies confirm this hypothesis, demonstrating the effectiveness of Microsoft
Kinect in acquiring external respiratory motion data across a significant cohort of
volunteers without the need for marker placement. However, volunteer study produces
more realistic scenario similar to the real patient capturing. Moreover, this analysis
offers insight into the variations in respiratory motion.
Research Question #3, 4 and 5: To what extent do the temporospatial mea-
surements acquired by the Microsoft Kinect sensor correlate with standard
technology in current use (e.g. The RPM system)? Is it feasible to improve
the set-up uncertainty using depth sensor for patients with left-sided breast
cancer. To what extent are the surface obtained by the Microsoft Kinect
sensor and tattoo markers in alignment?
In order to assess the feasibility of how low-cost 3D depth camera technology such as the
Microsoft Kinect might be used as a single solution for patient set-up and respiratory
motion management, a clinical study using six healthy volunteers was conducted.
This work represents the first occasion that low-cost depth camera technology has been
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shown to successfully assess inter- and intra-session variations in set-up and DIBH
(breath hold) pose. The results demonstrated that, in this cohort, at least, subjects
were set-up and achieved variations within accepted margins of clinical practice (∼5-
10 mm) for set-up/DIBH reproducibility. However, there were examples where this level
of performance was not achieved due to poor positioning or variable subject response
to DIBH performance. These data are also indicative that good set up is necessary, but
not sufficient for good DIBH performance. These data suggest that using a marker-less
surface-based approach may yield enhanced precision for patient alignment compared
to a conventional laser-based set-up, and that respiratory motion can also be managed
with the same system with potential benefits in throughput for both these aspects of
clinical-based external beam radiotherapy.
Research Question #6: Is it possible to predict the external respiratory
motion in ahead in order to address existing latency issues of EBRT?
Two aspects of respiratory motion during 4DRT were considered, correlation and pre-
diction. Two methods for estimation of the current internal target position based on
external surrogate measure have been proposed including GMM and MLR. Morover,
a method (Time-Varying Seasonal Autoregressive (TVSAR)) to predict the future of
external respirtory motion has been presented. Comparison of the performance of these
models suggests that GMR model improved performance within the limit of these dates
sets. The model performance stability of GMM compared against MLR, the stability
of GMM is higher than MLR, reflected by a lower standard deviation of error.
Results suggested that the GMM model is a better choice for determining the internal
target position. Following the improved results of correlation models, the latency issue
of radiotherapy systems was considered. This study investigated the advantage of using
Time-Varying Seasonal Autoregressive (TVSAR) to predict the future position of the
external surface surrogate. Results obtained show decreased performance as the look
ahead period increased in both models. This suggests that even if the respiratory mo-
tion is periodic, still there is non-periodicity behaviour in breathing which is considered
in TVSAR model. Investigating the performance of TVSAR model against ETVSAR is
presented. Results suggest that TVSAR model, in general, reflects better performance
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that the ETVSAR model. The accuracy of GMM correlation and prediction models
are less than 2 mm which is within that margin considered around the target tumour
to account for intra/inter motion in the planning stage. These results may reduce this
margin to avoid the extra dose to the healthy tissue.
7.3 Improvement and Further Work
Following the summary of studies tackled in this thesis in order to respond to the
research questions raised during this thesis, new questions are established and there
is always room for improvement. Some examples of these new areas for research are
listed below:
Using multiple Microsoft Kinect sensors to track the whole body of the patient from
different views may provide more detail and improve performance. Moreover, this can
be operated as a system to involve patients in their initial set-up process. This also
can allow patients to monitor their respiration (or DIBH) using a single system as well
as help them to have a more reproducible position and breathing.
Furthermore, it would be of interest to study the impact of dominant modes of breathing
pattern on the internal target motion.
Moreover, it may be informative to develop more realistic respiratory phantoms in-
corporating authentic human respiratory motion extracted from data obtained using
the Microsoft Kinect. This phantom can incorporate conclusions of the observation
study performed in Chapter 4 such as including inter/intra respiratory motion varia-
tions and style of breathing pattern, thoracic/abdominal, in the study of respiratory
motion management and motion correction.
The correlation models introduced in this work were based on marker-based surrogate
measurement. Therefore, investigating the use of surface-based depth images as an
external surrogate measure in prediction-correlation models during EBRT is one po-
tential thought to study in the future. The surface-based surrogate may provide better
accuracy compared to marker-based method by including more correspondence points
in the correlation models. Moreover, the actual external surface of the treatment target
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can be used in the correlation model to guide the radiation beam rather than tracking
a single marker.
The TVSAR model was used in this thesis to predict external respiratory motion.
However, the feasibility of using this model as a correspondence model have not been
explored. The key idea of this work is using this model to estimate the internal target
position from the external surface rather than predicting the future of surface motion
ahead. Moreover, it would be of interest to adapt two correlation models proposed
in this thesis as prediction models for respiratory motion to estimate external surface
position rather than inferring the internal target location as shown in Figure 7.1.
Figure 7.1: A schematic process of prediction-correlation model for predicting the future
position of the tumour via external anterior surface as a surrogate.
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Appendix B
Fuzzy Clustering
Data clustering is the process of categorising input elements into clusters so as items
belonging to the same cluster are as similar as possible but as dissimilar as possible
from elements in other clusters. Two different conventional clustering methods, K-
means and Fuzzy C-means, are available in the literature. The main difference between
these algorithms is on the overlapping or not of the boundaries between the clusters.
Algorithm 1 illustrates the K-means clustering algorithm, where such clustering algo-
rithm determines cluster centers, i.e. centroids, for every input element. For instance,
each n element belongs to the cluster k with the nearest mean. This problem is denoted
by a membership function such as uk : N → {0, 1}, where uk (n) = 1 if n ∈ k, and uk
(n) = 0 if n /∈ k.
In the real life data problems, however, boundaries between clusters may be overlap-
ping, and it is uncertain if an observation belongs completely to a certain cluster. For
this reason, Fuzzy C-means clustering algorithm has been introduced to minimize this
overlapping problems.
In Fuzzy C-means clustering, each element contains a set of membership levels that
indicates the strength of the association between that element and a particular cluster.
Therefore, the membership function uk is no longer crisp, and it can take values between
0 and 1, with the constraint:
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Algorithm 1 K-means clustering algorithm
Input: N = {n1, n2, . . . , nl} where l is the number of input element
Input: k (number of clusters)
Input: MaxIters (limit of iterations)
Output: K = {k1, k2, . . . , kf} where f is the number of clusters
Output: L = {l(e)|e = 1, 2, . . . , l set of cluster labels of N
1: for each ki ∈ K do
2: ki → kj ∈ N (e.g. random selection)
3: end for
4: for each ni ∈ N do
5: l(ei)→ argminDistance(ei, kj) j ∈ {1 . . . k}
6: end for
7: changed → false;
8: iter → 0;
9: repeat
10: for each ki ∈ K do
11: UpdateCluster(ki);
12: end for
13: for each ni ∈ N do
14: minDist ← argminDistance(ei, kj) j ∈ {1 . . . k};
15: if minDist 6= l(ei) then
16: l(ei)← minDist;
17: changed ← true;
18: end if
19: end for
20: iter ++;
21: until changed = true and iter ≤ MaxIters;
K∑
k=1
uk(n) = 1 ∀n, ∀k (B.1)
where K is the total number of elements in a particular cluster.
The algorithm of Fuzzy C-means is based on the minimisation of the following objective
function:
Jm =
N∑
i=1
K∑
j=1
µmij ||xi − cj ||2 (B.2)
where
1. N is the number of data elements.
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2. K is the number of clusters.
3. m is fuzzy partition matrix exponent for controlling the degree of fuzzy overlap,
with m > 1. Fuzzy overlap refers to how fuzzy the boundaries between clusters
are, that is the number of data points that have significant membership in more
than one cluster.
4. xi is the i
th data point.
5. cj is the center of the j
th cluster.
6. µij is the degree of membership of xi in the j
th cluster. For a given data point,
xi, the sum of the membership values for all clusters is one.
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Appendix C
Volunteers Specific Statistics
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Vol. Amplitude statistics
No. µA1 σA1 ηA1 µA2 σA2 ηA2 µA3 σA2 ηA3
1 6.67 1.78 0.29 5.67 1.24 0.09 4.32 0.59 0.25
2 3.65 0.87 0.27 4.02 1.17 0.19 3.39 1.07 0.38
3 3.3 0.52 0.39 3.48 0.55 0.23 3.11 0.45 0.31
4 12.09 3.49 0 9.31 1.6 0.23 5.28 0.7 0.15
5 2.7 0.42 0.13 5.32 0.81 0.29 4 0.44 0.38
6 8.22 3.74 0.02 18.59 4.45 0.23 19.38 2.17 0.2
7 6.99 0.85 -0.07 5.96 1.61 0.02 6.03 0.58 0.02
8 3.21 0.52 0.43 5.14 0.42 0.2 4.38 0.62 0.36
9 4.66 0.48 0.53 4.5 0.88 0.39 5.17 0.77 0.37
10 3.21 0.26 0.13 4.05 0.56 0.26 3.19 0.27 0.29
11 3.88 1.1 0.26 3.86 1.12 0.4 4.24 1.84 0.61
12 13.99 1.25 0.18 8.68 1.7 0.14 7.68 1.71 0.37
13 5.02 0.99 -0.05 3.52 0.52 0.37 3.74 0.59 0.17
14 2.51 0.61 0.25 6.85 5.95 0.67 2.74 0.27 0.16
15 8.12 0.93 0.09 6.65 0.81 0.21 8.6 1.4 0.3
16 12.87 2.03 0.11 13.42 3.07 0.02 12.79 2.9 0.18
17 3.93 0.8 0.35 4.71 1.1 0.32 3.83 0.91 0.23
18 1.87 0.31 0.58 3.03 0.81 0.35 1.96 0.4 0.67
19 5.05 0.6 0.1 6.74 1.83 -0.04 4.98 0.61 0.36
20 3.61 3.64 0.48 5.98 6.84 0.43 4.88 3.72 0.62
21 6.37 1.41 0.32 5.33 0.86 0.23 7.76 1.37 0.3
22 2.62 0.72 0.35 5.1 0.93 0.21 5.58 1.23 0.44
23 2.93 0.49 0.38 3.17 0.27 0.22 2.92 0.33 0.34
24 3.9 1.88 0.06 5.38 3.35 0.3 4.8 2.14 0.45
24a 21.58 10 0.23 13.83 1.11 0.08 10.99 0.79 0.02
25 16.43 1.98 0.1 10.57 2.2 0.15 7.62 0.7 0.16
26 15.98 7.95 0.02 12.12 7.44 0.15 9.47 1.74 0.03
27 4.32 1.67 0.39 5.07 0.73 0.25 4.35 0.81 0.21
28 3.2 0.97 0.25 3.14 0.7 0.16 2.85 0.51 0.3
29 5.11 0.8 0.24 5.63 1.21 0.34 5.57 1.01 0.31
30 3.9 1.09 0.53 6.96 1.93 0.26 7.28 0.79 0.18
31 8.17 1.7 0.4 7.64 2.16 0.5 6.89 2.02 0.41
Table C.1: Volunteer’s specific amplitude statistics such as µA1−3, σA1−3 and ηA1−3.
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Vol. Period statistics
No. µτ1 στ1 ητ1 µτ2 στ2 ητ2 µτ3 στ2 ητ3
1 8.13 1.49 0.18 8.02 1.02 0.44 8.18 0.73 0.11
2 6.93 0.75 0.29 8.08 2.29 0.18 6.97 1.36 0.41
3 8.41 1.31 0.22 7.86 0.78 0.01 7.72 1.36 0.39
4 10.65 1.1 0.34 12.89 1.33 0.07 10.91 0.82 0.08
5 2.03 0.21 0.27 6.13 0.77 0.33 5.86 0.88 0.28
6 14.68 3.44 0.02 12.62 1.28 0.07 15.87 2.8 0
7 17.32 2.82 -0.07 16.51 2.27 0.1 14.62 2.26 -0.06
8 7.04 0.95 0.15 6.43 0.81 0.27 6.59 0.85 0.2
9 4.35 0.61 0.77 4.53 0.67 0.57 4.27 0.71 0.7
10 7.66 1.24 0.39 9.3 1.22 0.33 6.3 0.86 0.25
11 7.23 0.91 0.16 6.6 1.43 0.35 6.26 1.66 0.71
12 4.68 0.28 0.22 21.43 2.54 0.03 17.21 1.6 0.02
13 12.69 2.58 0.27 8.94 0.61 0.21 9.59 2.31 0.32
14 2.23 0.15 0.01 11.67 4.92 0.34 6.38 0.42 0.08
15 16.71 1.69 0.2 4.13 0.4 0.08 14.78 1.8 0.11
16 16.58 1.39 -0.07 15.59 3.57 0.29 14.92 2.02 0.08
17 9.5 2.17 0.22 6.97 0.63 0.26 6.77 1.18 0.24
18 1.75 0.18 0.54 6.42 1.69 0.45 5.35 0.88 0.63
19 2.9 0.22 0.24 11.4 2.97 0.35 9.27 0.72 0.24
20 8.22 4.82 0.64 8.61 3.24 0.45 8.79 4.37 0.45
21 9.46 1.48 0.26 8.45 1.17 0.09 11.43 1.65 0.13
22 1.91 0.4 0.42 6.83 0.74 0.29 5.86 0.76 0.36
23 1.95 0.28 0.34 6.22 0.63 0.27 5.62 0.59 0.46
24 8.71 3.2 0.36 8.72 3.92 0.28 10.86 3.54 0.26
24a 14.44 2.87 0.16 11.47 0.9 0.08 12.41 0.74 0.23
25 14.99 0.87 0.11 12.62 1.64 0.16 10.73 0.76 0.02
26 18.21 4.53 -0.08 14.59 7.24 0.02 17.39 3.53 0.03
27 7.6 2.26 0.18 8.47 1.09 0.28 8.91 1.14 0.11
28 8.58 1.38 0.46 8.66 0.71 0.33 7.99 1.03 0.21
29 2.32 0.37 0.38 6.13 0.86 0.24 6.57 0.85 0.11
30 8.37 1.15 0.18 7.35 1.44 0.09 9.26 1.14 0.25
31 3.16 0.41 0.02 7.83 1.4 0.28 9.88 2.26 0.17
Table C.2: Volunteer’s specific period statistics such as µτ1−3, στ1−3 and ητ1−3.
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Vol. End exhale statistics
No. µEx1 σEx1 ηEx1 µEx2 σEx2 ηEx2 µEx3 σEx2 ηEx3
1 -2.37 0.21 0.25 -2.69 0.85 0.28 -2.2 0.19 0.26
2 -1.71 0.46 0.27 -1.71 0.32 0.34 -1.39 0.32 0.35
3 -1.58 0.15 0.14 -1.52 0.41 0.44 -1.45 0.09 0.23
4 -4.08 0.56 0.11 -2.59 0.16 0.15 -1.74 0.22 0.07
5 -1.34 0.19 0.11 -2.19 0.59 0.43 -1.6 0.27 0.37
6 -4.19 0.83 0.02 -9.8 1.87 0.18 -9.48 1.08 0
7 -3 0.4 0.12 -3.09 0.84 0.22 -3.04 0.18 0.1
8 -1.31 0.28 0.36 -1.99 0.29 0.17 -1.64 0.27 0.43
9 -1.81 0.16 0.49 -1.59 0.21 0.44 -2.18 0.22 0.41
10 -1.2 0.43 0.6 -1.34 0.11 0.28 -1.37 0.13 0.26
11 -1.94 1.08 0.35 -1.42 0.91 0.36 -2.12 0.84 0.58
12 -6.31 0.68 -0.06 -4 0.66 -0.09 -3.55 0.5 0.12
13 -2.3 0.95 0.42 -1.79 0.49 0.27 -1.86 0.58 0.4
14 -1.38 0.77 0.43 -2.54 0.93 0.26 -1.45 0.45 0.33
15 -3.4 0.24 -0.07 -2.88 0.2 -0.06 -3.83 0.79 -0.06
16 -6.33 0.87 0 -6.13 0.96 0.1 -5.51 0.49 0.13
17 -1.55 0.37 0.21 -2.31 1.22 0.33 -1.71 0.17 0.29
18 -0.87 0.13 0.38 -1.68 0.23 0.28 -0.91 0.2 0.52
19 -2.43 0.47 0.12 -3.16 1.23 0.14 -2.38 0.57 0.18
20 -1.3 0.45 0.27 -3.34 1.12 0.35 -1.7 0.21 0.23
21 -2.36 0.26 0.16 -2.19 0.2 0.28 -3.18 0.37 0.14
22 -1.22 1.3 0.3 -2.02 0.15 0.36 -2.42 0.54 0.71
23 -1.26 0.75 0.62 -1.52 0.22 0.36 -1.4 0.24 0.38
24 -1.41 0.52 0.35 -2.54 0.7 0.18 -1.9 0.4 0.23
24a -12.1 9.07 0.27 -6.77 1.25 0.1 -5.93 1.1 0.08
25 -7.76 1.74 0.14 -5.21 0.74 0.08 -3.74 0.51 0.21
26 -4.43 1.57 0.02 -2.21 5.75 0.24 -3.07 0.97 0.25
27 -2.03 0.7 0.32 -2.11 0.24 0.3 -1.9 0.17 0.06
28 -1.45 0.21 0.2 -1.48 0.4 0.09 -1.47 0.3 0.27
29 -2 0.24 0.35 -2.49 0.21 0.28 -2.54 0.29 0.49
30 -1.83 0.95 0.41 -3.06 0.95 0.35 -3.27 0.52 0.21
31 -3.45 0.32 0.21 -3.08 0.9 0.32 -2.88 0.39 0.25
Table C.3: Volunteer’s specific end exhale statistics: µEx1−3, σEx1−3 and ηEx1−3.
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Vol. Maximum upward/downward drift
No. UPMax1 UPMax2 UPMax3 DWMax1 DWMax2 DWMax3
1 -1.85 -0.46 -1.78 -2.77 -4.19 -2.6
2 -0.54 -1.2 -0.79 -2.34 -2.98 -2.07
3 -1.3 -0.81 -1.28 -1.84 -2.24 -1.66
4 -2.93 -2.28 -1.18 -5 -3.04 -2.06
5 -1.01 -0.87 -0.62 -1.74 -3.11 -2.03
6 -2.8 -5.61 -7.01 -6.57 -12.1 -11.48
7 -2.29 -1.64 -2.58 -3.63 -3.91 -3.31
8 -0.68 -1.23 -1.01 -2.25 -2.64 -2.17
9 -1.45 -1.07 -1.54 -2.46 -2 -2.7
10 -0.74 -1.09 -1.07 -3.18 -1.54 -1.59
11 0.06 0.97 0.96 -3.82 -4.42 -3.28
12 -5.1 -2.76 -2.61 -7.34 -4.96 -4.49
13 0.51 -0.01 -0.04 -2.95 -2.49 -3.13
14 0.15 -0.98 -0.8 -2.56 -4.26 -2.51
15 -2.84 -2.49 -2.61 -3.79 -3.15 -5.47
16 -4.14 -3.72 -4.43 -7.57 -7.69 -6.52
17 -0.23 0 -1.08 -2.05 -4.89 -1.96
18 -0.67 -1.17 -0.04 -1.15 -2.06 -1.16
19 -1.2 -0.88 -1.22 -3.09 -4.83 -3.29
20 -0.24 -1.62 -0.91 -2.03 -6.21 -2
21 -1.65 -1.83 -2.51 -2.94 -2.59 -3.99
22 3 -1.75 -0.22 -2.6 -2.37 -2.96
23 0.36 -1.18 -0.44 -2.86 -2.14 -1.78
24 -0.5 -1.5 -1.02 -2.36 -4.54 -2.94
24a 1.25 -4.52 -4 -30.02 -8.77 -8.1
25 -3.98 -3.9 -2.68 -9.87 -6.32 -4.66
26 -1.05 17.02 0.12 -6.32 -7.5 -3.74
27 -0.19 -1.6 -1.51 -3.08 -2.59 -2.23
28 -0.88 -0.72 -0.72 -1.94 -2.27 -1.98
29 -1.34 -2.04 -1.82 -2.32 -2.91 -2.98
30 -0.1 -1.18 -1.88 -3.88 -4.78 -4.2
31 -2.8 -1.16 -1.39 -4.14 -4.48 -3.45
Table C.4: Volunteer’s specific statistics: maximum upward/downward drift (UPMax1−
3/DWMax1− 3).
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Prediction Methods Authors Latencies
Linear Regression (LR) Sharp et al. [167] and
Krauss et al. [95] Mur-
phy et al. [126] and
Riaz et al. [153]
≥ 200 ms.
Neural Network (NN) Sharp et al. [167] and
Krauss et al. [95] and
Murphy et al. [126]
≥ 200 ms.
Autoregressive Moving Average
(ARMA)
Ren et al. [151] ≥ 200 ms.
Adaptive Neuro Fuzzy Inference
System (ANFIS)
Kakar et al. [83] 126 s. processing time.
Adaptive Neural Network (ANN) Murphy et al. [127] and
Krauss et al. [95] and
Sharp et al. [167].
effective for 500 ms. delay.
Kalman Filter (KF) Sharp et al. [167] and
Murphy et al. [126].
≥ 200 ms.
Interactive Multiple Model (IMM)
filter (KF)
Putra et al. [145] ≈ 200 ms.
Hidden Markov Model (HMM) Kalet et al. [84] > 400 ms.
Kernal Density Estimation (KDE) Ruan et al. [156] and
Krauss et al. [95]
≈ 1000 ms.
Support Vector Regression (SVR) Erns et al. [58] and
Krauss et al. [95] and
Riaz et al. [153]
≈ 1000 ms.
Wavelet-Based Multiscale Autore-
gression (wLMS)
Ernst et al. [57] 0.0526 ms. of computation
time per sample.
Multi-step Linear methods
(MULIN)
Ernst et al. [57] < 0.00002 ms. of computation
time per sample.
Multi Dimensional Adaptive Linear
Filter (MISO)
Riaz et al. [153] ≈ 400 ms.
Sinusoidal model Vedam et al. [190] < 400 ms.
Adaptive Filter (AF) Riaz et al. [153] and
Vedam et al. [190] and
Murphy et al. [126]
≥ 200 ms.
Adaptive Bilinear Filter Sahih et al. [157] ≈ 200 ms.
Probability Density Estimation
(PDE)
Alnowami et al. [15] 1000 ms.
Adaptive Kernel Density Estima-
tion (AKDE)
Alnowami et al. [18] 1000 ms.
Canonical Correlation Analysis
(CCA) model
Alnowami et al. [15] 200 ms. up to 1000 ms.
Table D.1: The predictive models and their performance result used for respiratory
motion prediction in EBRT.
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